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Abstract

Abstract
Maximising pasture utilisation through optimal grassland management is vital in terms of
ensuring the economic sustainability and mitigating the environmental impact of both
Irish and global pasture-based livestock production. Frequent and accurate measurement
of grass quantity and quality is one of the main methods of maximising grass production
and utilisation on pasture-based farms. The most prominent grass measurement tool used
on Irish pasture is the rising plate meter (RPM), however, there are a range of issues with
this method including operator bias, precision and difficulties in accounting for spatial
variation. Currently, there is no definitive protocol for grass measurement which farmers
could follow to objectively measure their pastures and to account for the variation of grass
growth within paddocks. Furthermore, there is no rapid method of estimating the quality
of grass within pasture. This body of work aims to optimise state of the art grass
measurement technologies through field experimentation and numerical simulation. The
first objective of this thesis was to determine the variation in herbage mass (HM) within
grazed swards and evaluate the precision of the RPM for measuring HM. Intensive
compressed sward height (CSH) measurements and HM reference cuts were carried out
on trial plots and grazed paddocks at Moorepark, Ireland over two grazing seasons.
Retrospective analysis simulations were performed in order to calculate the effect of
various reduced measurement resolutions on estimated mean CSH error. A repeated
measurement analysis was performed on grass samples to determine RPM system error.
The value of HM within swards was found to vary on average by 36%. Factors that
affected sward heterogeneity were identified as nitrogen fertilisation, clover content,
morphology, seasonality and grazing effects. Mean CSH could be estimated to within 5%
xxi

Abstract
error using the RPM by recording 24 measurements ha-1 in a random stratified manner.
Recording ≥ 40 RPM measurements ha-1 resulted in a diminishing rate of returns in terms
of reducing mean CSH estimation error. Measurement system error for the RPM, in terms
of the standard deviation of measurement repeatability, was calculated to be 4.34 mm.
The second objective was to optimise the HM prediction accuracy of the RPM by
investigating the utilisation of additional grassland management and meteorological data
using multiple linear regression in combination with backward sequential variable
selection, all subsets regression and k-fold validation. Monthly regression models were
created from a selection of 17 variables with data collected over two grazing seasons.
Reductions in HM prediction error of 20 – 33% (root mean squared error) were achieved
in comparison to state of the art models used on Irish pastures. The inclusion of
meteorological variables slightly improved HM prediction performance, however, this
improvement was not sufficient to warrant the investment in on-farm meteorological
sensors. The optimum model utilised variables CSH, N fertilisation rate and grazing
rotation number and is suitable for integration with grassland decision support software
currently used on Irish farms. The third objective was to develop a near infrared
spectroscopy (NIRS) calibration to more rapidly predict the quality of fresh grass in terms
of dry matter (DM) and crude protein (CP) content. Perennial ryegrass samples (n =
1,812) were collected over three grazing seasons and scanned using a FOSS 6500
spectrometer to develop NIRS calibration and validation datasets. Reference wet
chemistry analysis was carried out for DM and CP and the resultant data were calibrated
against spectral data by means of modified partial least squares regression. The ratio of
percentage deviation (RPD) was used to rank the developed NIRS calibrations, which
were sufficiently precise to replace laboratory oven drying methods for DM (RPD =2.63)
and were capable of categorising the quality of pasture in terms of CP (RPD = 2.37).
These calibrations have the potential to reduce laboratory costs, streamline herbage
xxii

Abstract
quality analysis and may be used for benchmarking future grass sensing technologies.
The fourth objective was to develop a grass measurement optimisation tool (GMOT) to
accurately and efficiently measure grazed pastures. The developed prototype was a Visual
Basic Application for MS Excel decision support tool that generated interactive paddock
measurement guide maps. Farmers could use the GMOT to create optimised protocols for
measuring their pastures in a random stratified manner based on GPS co-ordinates,
resulting in accurate non-biased estimations of sward parameters. Measurement routes
were optimised using a genetic algorithm based on a traveling salesman problem. Actual
survey error was estimated using Monte Carlo simulations that combined measurement
and calibration error distributions generated from data collected as part of objectives 2
and 3. Actual error was estimated to 28.1% (relative prediction error) for the RPM and
the optimum measurement rate that minimised both cost and error was 8 measurements
ha-1. The GMOT was developed to generate objective spatially balanced and geo-tagged
grass measurement protocols that could be used for a range of pasture measurement
methods, including quality analysis.
The main research outputs from this study were:
1) state of the art measurement technologies for fresh grass quantity and quality have
been optimised in terms of accuracy
2) the GMOT has been developed to generate accurate, efficient and objective grass
measurement protocols that account for within pasture variations
3) grass measurement benchmarks have been set in terms of both accuracy and
methodology.
Outputs from this thesis will benefit grassland farmers by increasing the precision and
efficiency of both pasture quantity and quality measurement, which will subsequently
increase grass utilisation and reduce whole farm feed and fertilisation inputs. This body

xxiii
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of work will further facilitate the development of future precision agricultural
technologies for pasture-based livestock production.
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Introduction

1 Introduction
1.1 Grassland based livestock production
Agricultural production levels in a global context are coming under increasing pressure
due to climate change and a growing world population. The global population is set to
increase by 2.3 billion by the year 2050, with the greater proportion of this rise occurring
in developing countries along with a projected rise in per capita incomes (FAO, 2009).
Demand for beef and dairy products is predicted to increase by > 70% in the coming
decades as a consequence of the growing distribution of wealth in developing countries
(Herrero et al., 2015). This is predicted to result in an 80% increase in agricultural GHG
emissions, which will critically impact the environment if not mitigated (Tilman and
Clark, 2014). Agriculture is currently responsible for over 12% of all global
anthropogenic GHG emissions, mainly in the form of CH4, CO2 and N2O from processes
such as enteric fermentation from livestock, N fertilisation, organic manure management
and cultivation (Crosson et al., 2011; Havlík et al., 2014). All of these factors underscore
the role that grassland based agriculture needs to play in the near future in terms of
increasing production in an environmentally sustainable manner. Currently, over 60% of
global livestock production in terms of meat and dairy is confinement based, where
animals are kept indoors for the majority of their lives (Herrero et al., 2015). Pasturebased livestock production aims to allow livestock to graze outdoors for the majority of
their life, ensuring fresh grass makes up a significant proportion of the animals’ diets.
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1.1.1

Economics of grassland production

It has been established that confinement based cattle systems have greater environmental
impacts than pasture-based systems, as a consequence of higher concentrate inputs and
greater manure storage requirements (Dentler et al., 2020; O’ Brien et al., 2012).
However, Havlík et al., (2014) argues that more intensive confinement based systems
could be more feasible in the future for meeting global food demand and mitigating
environmental damage, as these systems can be more efficient in terms of production.
The perceived increases in production efficiency associated with confinement systems
has led to a 30% decrease in European pasture land usage over recent decades (Huyghe
et al., 2014a). A number of factors have influenced this decline. Firstly, forage feed crops
such as maize, are more dependable in terms of sowing, managing and ensuring a high
quality feed source for housed animals. Housing animals year-round eliminates the risk
of land damage during wet weather, allows for greater utilisation of fragmented land and
enables more precise monitoring of animal dietary intake. Secondly, confinement systems
can produce controlled levels of outputs at fixed costs that are not dependent on seasonal
grass growth (Hennessy et al., 2020; Huyghe et al., 2014b). Conversely, pasture-based
systems in suitable climates have the potential to be more economically and
environmentally sustainable than confinement systems. However, pasture-based systems
are hindered by reduced feed controllability due to the spatial and temporal heterogeneity
of grassland swards (Hennessy et al., 2015; Schellberg et al., 2008; van den Pol-van
Dasselaar et al., 2020).
In recent years, an upturn in market demand for grass-based milk and beef has become
more prevalent. Studies have indicated that meat from grass reared cattle is lower in fat
and richer in omega 3 (Daley et al., 2010; Van Elswyk and McNeill, 2014). Likewise,
milk from grass-based cows is higher in unsaturated fatty acid components, which are
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reported to have health benefits, as well as higher levels of protein and casein (O’
Callaghan et al., 2016; Unger et al., 2020; Wilkinson et al., 2020). Consumers are
beginning to recognise grass-based produce as premium products and to associate
pasture-based livestock production with improved environmental status and animal
welfare (Mee and Boyle, 2020; Stampa et al., 2020). Moreover, grass-based systems have
the added advantage of converting a feed source non-edible by humans into a food
product that is edible. This is in contrast with confinement systems, which compete for
human edible feed sources such as maize and soy (Dentler et al., 2020).
In an Irish context, agriculture is the nation’s largest indigenous industry and livestock
production currently accounts for over 90% of Irish agriculture (DAFM, 2019). Grazed
grass is the predominant livestock feed source due to the suitability of the temperate Irish
climate for grass-based production, with approximately 76% of national agricultural land
consisting of permanent grassland (Huyghe et al., 2014b; O’ Donovan et al., 2011). The
temperate Irish climate provides optimum conditions for grazing, enabling cows to graze
in excess of 300 days per year, which allows Ireland to produce milk and beef at a
relatively low cost and in a sustainable manner (Dillon et al., 2008; O’ Donovan et al.,
2011; Weiss and Leip, 2012). In light of this, by 2025 the Irish government aims to
increase the value of national agricultural exports by 85% (DAFM, 2015).

1.1.2

Environmental benefits of grass-based livestock production

Increasing pasture-based livestock production can offset GHG emissions in comparison
to confinement systems, particularly through carbon sequestration within soils, once
efficient grazing management is employed (Crosson et al., 2011; Rotz et al., 2010;
Veysset et al., 2010). Production of 1 kg of milk solids in a confinement system can result
in 16% greater emissions compared to a grass-based system (O’ Brien et al., 2012). This
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is a consequence of the more energy intensive processes involved in producing and
feeding concentrate, such as ploughing, harvesting and transport (Crosson et al., 2011;
Dentler et al., 2020). Figure 1-1 below illustrates that Irish beef and milk production
achieves much lower land use and CO2 emission per kg output compared with other EU
states, where confinement-based systems are more common.

Figure 1-1 Life cycle analysis breakdown of EU member state livestock emissions (kg CO2-eq / kg
output). Figures sourced from Weiss and Leip (2012)

Given the aforementioned positive attributes of grass-based beef and milk production,
further increasing the efficiency and sustainability of Irish pasture-based production
4

Introduction
would benefit the country’s economy and aid the reduction of national GHG emissions
(O’ Brien et al., 2014; O’ Donovan et al., 2011). Agriculture currently accounts for the
largest proportion (32%, 19.6 Mt CO2 eq) of Irish GHG emissions (The Climate Change
Advisory Council, 2019). Irish agricultural emissions have been increasing in recent years
in parallel with the expansion of the dairy herd post abolition of the European milk quota.
A recent report by the EPA has forecast that Irish agricultural emissions will rise from
32% to 34.5% by 2030, as seen in Figure 1-2.

Figure 1-2 Environmental protection agency projected industry sector greenhouse gas emissions for
2030. Figure sourced from EPA (2019)

There are conflicting reports with regard to the environmental efficiency of Ireland’s beef
and dairy industries. Some EU studies have put Ireland amongst the least sustainable in
terms of agricultural GHG productivity (Lesschen et al., 2011; Zezza et al., 2017). These
studies suggest that confinement based livestock production, which is more common in
countries such as Italy and the Netherlands, is more carbon efficient in terms of producing
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greater outputs per tonne of carbon emitted. This hypothesis is linked to the fact that
confinement based systems require less land area for production and grass-based systems
require high levels of N fertilisation over larger land areas. Conversely, a study on GHG
output in the EU by Weiss and Leip, (2012) (Figure 1-1) placed Ireland as the 5th and 2nd
lowest per kg of beef and milk, respectively. Likewise, an earlier report by Leip et al.,
(2010) placed Ireland as the most efficient EU country in terms of dairy production and
fifth in terms of beef production. On a global scale Irish livestock production has
relatively low GHG emissions (Emmet-Booth et al., 2019). Furthermore, O’Brien et al.,
(2014) showed that high performance grass-based Irish dairy systems can have 5 – 7%
lower overall GHG emissions in comparison to top performing confinement systems in
the UK and USA.

1.1.3

Importance of grassland utilisation

Maximising pasture utilisation through optimal grassland management is vital in terms of
ensuring the economic sustainability and mitigation of the environmental impact of both
Irish and global pasture-based livestock production. A grass-based system that can
maintain concentrate and nitrogen (N) fertilizer levels while increasing grass utilisation
and stocking rate, increases N use efficiency due to the fact that grass has a year round N
intake requirement (Dentler et al., 2020; McCarthy et al., 2015; Mihailescu et al., 2014).
Efficient and sustainable pasture-based livestock production is primarily based upon
synchronising the herd’s dietary requirements with seasonal grass production rates. This
allows for the maximum level of fresh grass to be utilised through an increased daily
intake of high quality fresh grass dry matter (DM) per grazing animal (Hanrahan et al.,
2018; Wilkinson et al., 2020; Zegler et al., 2020). Increasing grass utilisation has major
financial benefits, as fresh grass is the cheapest feed source on Irish ruminant livestock
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farms (Finneran et al., 2012). The value of additional grass utilisation has been estimated
to be up to €278 tonne-1 ha-1 year-1 (Hanrahan et al., 2018).
Currently, the average Irish dairy farmer is utilising approximately 7 – 8 t DM ha-1 of
grass per annum, but has the potential to utilise 12 – 16 t DM ha-1 (Creighton et al., 2011;
Hanrahan et al., 2017; Maher et al., 2019; O’ Donovan et al., 2011). Frequent and accurate
measurement of grass quantity and quality is one of the main methods of maximising
grass utilisation and production on pasture-based farms (Beukes et al., 2019; Hanrahan et
al., 2017; Wilkinson et al., 2014). In the past five years, Teagasc, the Irish Agricultural
and Research Authority, has focused on increasing grass utilisation on farms by
developing Pasturebase Ireland (PBI), a grassland measurement and management
decision support tool (DST), and through promotional campaigns such as “Grass10”.
Optimal grassland management is highly dependent on the accuracy of information on
pasture quantity and quality that is available to the farmer (Shalloo et al., 2018; Wilkinson
et al., 2020). Over past decades, several non-destructive methods and tools for measuring
grass quantity have become popular on Irish farms. The two most common methods
developed for grass measurement are visual estimation (VE) and the RPM. However,
there are a range of issues with these methods with regard to operator bias, precision and
difficulties in accounting for spatial variation (Klootwijk et al., 2019b; O’ Donovan et al.,
2002b; Sanderson et al., 2001; Stockdale, 1984; Thomson et al., 1997). Furthermore, the
quantity of herbage available for grazing within pastures can vary between 15% - 60% as
a result of selective grazing, dung pats and seasonal changes in sward morphology,
making it difficult to accurately estimate and allocate on a regular basis (Barthram et al.,
2005; Hirata, 2000; Jordan et al., 2003; Klootwijk et al., 2019a; Nakagami, 2016).
Currently, there is no definitive protocol for grass measurement that farmers could use to
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objectively measure their grass and to account for the variation of grass growth within
paddocks.
In terms of grass quality, there are no on-farm methods which a farmer can use to estimate
the quality of grass within their pasture. All established pasture qualitative analysis
methods are laboratory based and involve time consuming processing procedures such as
grinding and oven drying, which can take several days to complete. There is significant
potential for improving access to grass quality information by means of precision
agriculture (PA) technologies. Precision agriculture refers to a global standardized
initiative to increase efficiency, by reducing variation and decision making uncertainty in
terms of resource management on farms (Schellberg et al., 2008). The adoption of PA
techniques on pasture-based farms, via information and communication technologies
(ICT), will be paramount in terms of increasing the controllability of feed management
and financial competiveness in the coming years.

1.2 Problem statement
Increasing the utilisation of high quality fresh pasture through optimum grassland
management practices is paramount in securing the future of Irish pasture-based livestock
production industries. This is not possible without accurate measurement of pasture
quantity and quality. Furthermore, quantifying the spatial and temporal variations in these
parameters within grazed swards is necessary to enable the application of targeted
management solutions, which will increase feed and pasture input controllability in line
with the principles of PA. At present there is no definitive protocol for grass measurement
on Irish pastures. In Ireland, the most established non-destructive, objective tool for
estimating available pasture for grazing (in terms of HM) is the RPM. However, research
has outlined discrepancies regarding the precision of the RPM. The development of a
8
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robust RPM measurement protocol and the optimisation of HM predication calibrations
for use on Irish grassland swards have not been extensively studied. Moreover, there is
no established method of determining the quality of fresh pasture in real-time. To this
end, grassland research and industry is still reliant on labour intensive and expensive
laboratory procedures. The development of real-time pasture quality analysis methods
would not only benefit daily feeding efficiency, but would further aid the onset of targeted
fertilisation applications, thereby, increasing both farm economic and environmental
efficiencies. There is an extensive range of new sensing technologies currently under
development with the potential for targeted analysis of pasture quality and quantity.
However, there is no established grass measurement method to benchmark these
technologies against.

1.3 Research objectives
In line with the preceding problem statement, the four main research objectives of this
thesis are as follows:
(1) Evaluate the precision of the RPM for measuring HM on heterogeneous grassland
swards by investigating spatial variation of HM within pastures, determining the
number of RPM measurements required to accurately predict mean HM and
assessing the precision of the RPM in terms of CSH measurement repeatability.
(2) Assess the utilisation of grassland management and climate data for more accurate
prediction of HM using the RPM, by means of a combination of multiple linear
regression with state of the art variable selection and validation techniques.
(3) Develop a near infrared spectroscopy calibration for the prediction of un-dried
fresh grass quality, in terms of DM and CP content. This will facilitate real-time
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analysis of sward quality and N fertilisation status, while further enabling future
benchmarking of potential pasture quality sensing technologies.
(4) Develop a grass measurement optimisation tool to accurately and efficiently
measure pastures. This tool will generate measurement protocols that optimise for
both time and accuracy in the form of interactive paddock maps, which will guide
farmers on how to optimally measure their pastures in a random stratified manner
based on GPS co-ordinates.

1.4 Thesis framework
This thesis comprised of eight chapters, which following this introduction are presented
as follows:
•

Chapter 2 – Presents a review of relevant literature concerning optimal grassland
management, including a review of conventional and state of the art grass
measurement practices, technologies and modelling techniques. Furthermore,
optimisation and simulation techniques that have the potential to be utilised to
increase the precision and efficiency of grass measurement practices are outlined.

•

Chapter 3 – Evaluates the precision of the RPM for measuring CSH on
heterogeneous grassland swards.

•

Chapter 4 – Explores the utilisation of grassland management and climate data
for more accurate prediction of HM using the RPM.

•

Chapter 5 – Presents near infrared spectroscopy calibrations for the prediction of
un-dried fresh grass quality.

•

Chapter 6 – Outlines the development of a grass measurement optimisation tool
to efficiently measure herbage parameters on pastures.
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•

Chapter 7 – Presents a global discussion of the main results from each chapter of
the thesis incorporating comparisons with other relevant studies and a general
critique of the research methodology used.

•

Chapter 8 - Concludes this thesis by summarising the key findings and research
outputs from the body of work, while further recommending topics for future
research.
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2 Literature Review
2.1 Introduction
The following literature review presents research relating to the requirements for
optimising grassland measurement of both quantity and quality within pasture-based
livestock industries. This literature review focuses primarily on the dairy industry
although the same principles regarding grassland management, utilisation and
measurement are applicable to the beef and sheep industries. This chapter is divided into
the following sub-sections:
•

Section 2.2 gives and overview of the fundamental principles of optimal
grassland management and outlines the need for precise grassland measurement.
The main measurement parameters for grassland management are defined and
their relevance to this research is discussed.

•

Section 2.3 summarises conventional grass measurement technologies that are
used within Irish and international grassland industries. The main destructive and
non-destructive method of grass measurement are discussed for the parameters
previously outlined in section 2.2, including an overview of laboratory reference
methods.

•

Section 2.4 introduces the method of near infrared spectroscopy for grass quality
analysis and chemometric modelling procedures used to predict quality
parameters from NIRS spectral data.
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•

Section 2.5 discusses more contemporary research into state of the art and
potential future technologies for grassland measurement.

•

Section 2.6 details the primary statistical modelling techniques and equations
used for predicting pasture quantity and quality parameters from the main nondestructive measurement techniques outlined in previous sections. Simulation
and optimisation techniques that can be utilised to increase measurement
precision and efficiency are further outlined.

•

Section 2.7 introduces the GrassQ holistic grass measurement decision support
system project, of which the research carried out in this thesis was a part of.

•

Section 2.8 concludes the chapter by highlighting the mains gaps in the reviewed
research and identifying the scope for this thesis. The end of this section includes
a summary of the most relevant research into grass measurement technologies.

2.2 Grassland management
The financial importance of more precise grass management has been underpinned by a
number of Irish studies, which have outlined that every additional tonne of grass utilised
by the grazing herd per hectare (ha) has the potential to be worth in the range of €162 €278 in profit to the farmer annually (Dillon, 2011; French et al., 2015; Hanrahan et al.,
2018). These figures are based on resultant increases in milk output coinciding with
reductions in supplementary feed, when more grazed grass is included in the annual diet
of the herd. Grazed grass is the cheapest feed source for ruminants in Ireland. A study by
Finneran et al., (2012) outlined that grazed grass costs approximately 40% less than silage
and 60% less than concentrate feed per unit of feed energy value. Increasing the quantity
and quality of available pasture along with extending the duration of the grazing season,
typically between the months of February and November on Irish farms, maximises the
13
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level of fresh grass in the grazing herd’s diet. This is achieved by adhering to optimum
grassland management procedures, which are discussed in the following sections.

2.2.1

Grass-based milk production

In efficient grass-based systems, the herd’s lactation cycle must be synchronised with
seasonal grass growth. Therefore, enabling peak milk yield and grass availability to occur
simultaneously so that the majority of the herd’s peak energy requirements are supplied
by grazed grass. Cows are dried-off during the winter period when grass growth is at its
lowest. The target calving interval is 365 days, with cows calving in early spring so that
they can be immediately turned out to grass to maximise the length of the grazing season
(O’ Donovan and Delaby, 2016). A key performance target for Irish dairy farms is to have
90% of cows calved within a 6 week period in early spring, to maximise time at pasture
throughout the rest of the year (French et al., 2015). Grazing dairy cows can produce ≥
30 kg of milk per day at peak yield (six to eight weeks after calving); however yields can
range between 0 - 20 kg at early and late lactation (Kavanagh, 2016; O’ Brien and
Hennessy, 2017; O’ Neill et al., 2013). The most important constituents of milk are fat
and protein. Average fat and protein contents are 4.1% and 3.5% of milk yield and can
range between 1.8% – 8.2% and 2.4 – 5.6% respectively (Hanrahan et al., 2018; O’ Neill
et al., 2013).

2.2.2

Grazing livestock feed requirements

Cow feed demand is measured in terms of dry matter intake (DMI), which is driven by
milk production and considered to be the most important factor associated with managing
dairy cows (National Research Council, 2001; O’ Neill et al., 2013). Feed demand is
lowest (8 - 10 kg DM day-1) while cows are dried-off during the winter period but demand
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grows steadily and can double post calving as they are turned out to grass (Dillon, 2006).
Peak daily feed intake requirements for a dairy cow occur 10 - 12 weeks post calving at
16 – 18 kg DM day-1 (Coffey et al., 2017; Kavanagh, 2016; O’ Neill et al., 2013). The
main energy requirements for a cow are body condition maintenance, milk production,
growth and pregnancy. The cow’s ability to meet these requirements from supplied feed
is measured by the cow’s energy balance, which is the energy supplied by the feed minus
the cow’s energy requirements (O’ Neill et al., 2013). Energy demand can be expressed
in terms of metabolisable energy (ME) and is measured in megajoules (MJ kg-1 DM) or
in unite fourragére lait (UFL), which is a standardised net energy value developed by
Jarrige, (1989). The energy balance needs to be kept in equilibrium to ensure that the
cow’s fertility is maintained, so that she re-enters gestation within the correct time period
to ensure that milk production and grass supply remain in sync. During the grazing
season, the herd’s diet may be supplemented by concentrates that are fed in the parlour
during milking, however, the majority of their energy demands need to be met from grass.
Concentrate supplementation is carried out, either to maintain feed intake during periods
of poor grass supply and quality, or to increase overall intake and milk production (Dillon,
2006). Conversely, supplementation is expensive and increasing it can reduce net profit
(Hanrahan et al., 2018; Ramsbottom et al., 2015). The annual diet per cow in an intensive
grazing system is summarised in Figure 2-1 below (O’ Brien and Hennessy, 2017). Figure
2-1 highlights that the majority of a cow’s annual diet is based on fresh grass (≥ 75%),
which equates to approximately 3.5 t DM year-1 according to French et al., (2015).
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Figure 2-1 Description of the grass-based milk production system showing the feed input and milk
output for a dairy cow over a 12 month period. DM = dry matter. Figure sourced from O’Brien and
Hennessy (2017)

2.2.3

Grazing systems

Adequate levels of grazing infrastructure, reseeding and soil fertility are all critical factors
in optimising grazing systems, without which it would be impossible to implement
efficient daily grassland management (Creighton et al., 2011; Hanrahan et al., 2018). For
the purpose of this review, the authors will focus primarily on grassland management, in
terms of herbage allocation and utilisation on a daily and seasonal basis, assuming that
best practice for all other grassland management factors is adhered to. The level of grass
utilised per ha on a grazing platform is a function of the stocking rate, quantity of feed
supplementation and grassland management (Coffey et al., 2017; Dillon, 2011). The
stocking rate refers to the ratio of grassland area per cow, or livestock unit (LU), over a
defined period of time (Allen et al., 2011). Currently, the average stocking rate on Irish

16

Literature Review
dairy farms is approximately 2.06 LU ha-1 (Teagasc, 2018). McCarthy et al., (2016)
showed that increasing stocking rate to 3.28 LU ha-1 further increases pasture production,
quality and utilisation. The benefits of higher stocking rates result primarily from
increases in high quality leaf proportions within the grazing sward that are stimulated by
increased grazing severity, which will be discussed in greater detail in the following
sections.
The primary system of grazing in Ireland is rotational grazing. This involves allocating a
specified area of herbage to the herd for a limited period of grazing time, after which the
herd is moved to a new area of herbage or paddock allowing previously grazed herbage
to rejuvenate and grow between grazings. The rotation length refers to the time elapsed
between successive grazings of the same area of herbage, typically measured in a cycle
of days (Allen et al., 2011). Rotation length (days) is one of the critical factors regarding
grass utilisation and must coincide with the growth rate and morphological growth stage
of the sward. Rotation length can range from ≥ 60 days in spring (January – April) when
growth rate is slow, to ≤ 20 days in summer, when the shortest and highest frequency of
rotations occur as growth rate peaks (Claffey et al., 2019; Dale et al., 2008). The rotation
length needs to be long enough to allow for sufficient regrowth of high quality herbage,
but not too long so that sward quality begins to deteriorate, a phenomenon which will be
discussed in more detail in section 2.2.4. The level of grass utilised on a farm is directly
correlated to the number of grazing rotations completed throughout the year (Nikoloski
et al., 2019). The average number of grazing rotations on Irish dairy farms ranges between
4 and 10 and can be influenced by a number of management factors and the farm soil type
(Griffith et al., 2014). The average amount of grass currently utilised on Irish farms is
approximately 7 – 8 t DM ha-1, compared to a potential yield of 12 – 16 t DM ha-1
(Creighton et al., 2011; Hanrahan et al., 2017; Maher et al., 2019; O’ Donovan et al.,
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2011). “Grass 10” is a recent campaign launched by Teagasc with the aim of promoting
sustainable grassland practices. The integral goals of the campaign are to increase the
average number of grazing rotations on Irish farms from 7 to 10, and the average quantity
of grass utilised to 10 tonnes DM ha-1 per annum, by promoting more accurate
measurement, precise management and the use of grassland decision support software.
Extending the length of the grazing season at the either end of the year is critical in
increasing the number of grazings and overall utilisation. The grazing season can be
extended by early grazing in spring to ensure high sward quality for the rest of the season,
which is aided by closing off paddocks in Autumn with adequate grass cover so that
sufficient herbage is available for the following spring (Claffey et al., 2019; Michael O’
Donovan et al., 2004). This requires adaptable grazing plans to maximise grass utilisation
potential during these periods and ultimately decrease annual requirements for more
expensive conserved forage and concentrate feed. Teagasc have developed the spring and
autumn rotation planners to aid farmers in maximising grass utilisation during these
periods, which are incorporated in their interactive online DST and national database PBI.
The tool assists farmers in determining appropriate actions around grassland
management, mainly by processing uploaded pasture cover estimations to determine
appropriate herbage allocations in accordance with on farm growth rates (Hanrahan et al.,
2017). Optimum grass allocation to the herd is integral to precise grassland management.
Excess allocation of grass leads to wastage and quality degradation within a pasture.
Alternatively, not providing sufficient herbage to the herd results in decreased milk and
beef production (Dillon, 2006). Grass is quantified and allocated in terms of HM, which
is the unit weight of DM per hectare (ha-1) and is measured in units of kg DM ha-1. A
main component of PBI is the grass wedge shown in Figure 2-2, which summarises the
quantity of available herbage in each paddock in comparison to the herbage demand of
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the herd. The green bars represent the available herbage in each paddock on the farm,
which is inputted by the farmer based on HM estimations made during regular
measurement surveys of each paddock, referred to as grass walks. The demand line is a
function of the stocking rate, rotation length and herd intake requirements. Surplus and
deficits of available herbage on the farm can be clearly identified using the demand line,
enabling farmers to conserve surplus grass as silage or supplement deficits with
concentrates (Hanrahan et al., 2017). Recent data from PBI indicates that farmers using
the systems are utilising more grass than the national average and are growing between
11 – 15 t DM year-1 (O’ Leary and O’ Donovan, 2019).

Figure 2-2 Pasturebase Ireland grass wedge with available herbage on the y axis and paddock
identification number on the x axis. The red line indicates the dry matter intake demand of the herd.
Figure Sourced from Teagasc (2020a)

Grass is allocated to the herd in terms of target pre-grazing yield and daily herbage
allowance (DHA), which are determined by the DMI, stocking rate and supplementation
rate of the herd along with the available herbage on the grazing platform. Target pregrazing yield can be determined using Eqn. (2-1)
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𝑇𝑃𝑌 = [𝑆𝑅 𝑥 𝑅𝑂𝑇 𝑥 𝐷𝑀𝐼] + 𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐻𝑀

(2-1)

where 𝑇𝑃𝑌 is the target pre-grazing yield in HM (kg DM ha-1), 𝑆𝑅 is the stocking rate
(LU ha-1), 𝑅𝑂𝑇 is the target rotation length (days) (i.e 21 days during mid-grazing
season), 𝐷𝑀𝐼 is the target grazed grass dry matter intake of the herd (kg DM day-1) and
𝑟𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐻𝑀 is the target HM remaining in the paddock post grazing (kg DM ha-1)
(McCarthy et al., 2016).
Target pre-grazing yield, can be determined by various means of grass measurement
(section 2.3). For example, a target pre-grazing HM for a stocking rate of 2.5 LU ha-1,
rotation length of 21 days and DMI of 17 kg, with a target residual of 400 kg DM ha-1,
would be 1,300 kg DM ha-1. Typically target pre-grazing yield should be between 1,300
– 1,600 kg DM ha-1 in order to maintain high levels of DMI and herbage quality (Curran
et al., 2010) (section 2.2.4). Once cover begins to exceed 1,600 kg DM ha-1, cows cannot
graze efficiently and herbage quality begins to deteriorate. At this stage a paddock should
be taken out of the grazing rotation and conserved as silage to maximise grass utilisation
(O’ Donovan and Delaby, 2016).
Providing the herd with the correct target HM is achieved primarily by accurately
measuring the sward to be grazed and then allowing the herd access to a sufficient area
of herbage. For example if a paddock is measured to have an average HM cover of 1,500
kg DM ha-1 and it is to be grazed by 80 cows with a DMI of 17 kg DM for 24 hours, then
0.9 ha needs to be allocated to the herd to achieve a sufficient graze out within that time
period.
The residual HM refers to the herbage yield left in the sward when grazing is complete
and is typically defined by post grazing sward height. Target post grazing heights are
typically between 3.5 cm to 4.0 cm, as this is the height range below which a cow finds
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it difficult to graze and consequently DMI is reduced (Dillon, 2006; Illius and Gordon,
1987). Grazing below 3 cm can reduce cow performance in terms of milk solids
production, although grazing to lower heights can improve sward quality (section 2.2.4)
(Ganche et al., 2013; Lee et al., 2008; McEvoy et al., 2008). Post grazing height can be
measured, by methods described later in section 2.3, to ensure that a sward is grazed out
sufficiently to maximise regrowth quality and estimate herbage utilisation. Herbage
utilisation can be calculated using Eqn. (2-2), as defined by Delaby et al., (1998).

Pasture utilised = (pre CSH – post CSH) x sward density

(2-2)

Where the pasture utilised is measure in kg DM ha-1, CSH is compressed sward height
(cm) measured using a RPM and sward density is defined as kg DM cm-1 ha-1.

2.2.4

Grass species for pasture-based production

To efficiently manage pasture, one must have a comprehensive understanding of the
composition of the sward and the characteristics of its constituent species. Perennial
ryegrass (Lolium perenne L.) (PRG) and white clover (Trifolium repens L.; clover) (WC)
are the predominant grass species used for grassland livestock systems in Ireland and
many other temperate regions throughout the world.

2.2.4.1 Perennial ryegrass
Perennial ryegrass is the most common sown grass for pasture production in temperate
regions due to its high palatably and digestibly for grazing animals, along with its ability
to achieve higher DM and nutritive values than other grasses when management correctly
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(Fernandez and Rodriguez, 2010; Jung et al., 1996; Wilkins and Humphreys, 2003). In
comparison to other forage species, PRG is highly adaptable to a range of soil types, high
yielding, resilient, quick to establish within swards and is capable of achieving yields of
11 – 18 tonnes of DM year-1 on Irish swards (O’ Donovan et al., 2011).
The main components of the PRG plant are leaf, pseudo stem, true stem and dead
material. The leaves of PRG are relatively broad and are distinguishable by their bright
green colour, broad surface (5 – 15 cm) and tapered end. The leaves are connected to the
stem or sheath via narrow collars, which are yellow to green in colour (Hannaway et al.,
1999). Sheaths combine on the pseudo stem, from which the true stem rises, to form the
seed head during inflorescence; this is referred to as the reproductive stage (Beecher et
al., 2015). The stem of a mature plant comprises of a reddish coloured base and can range
in height from 30 to 100 cm, depending of variety. The PRG plant is easily recognisable
in its reproductive state as the seed head contains distinguishable alternating spikelets that
can range between 5 – 30 cm in length (Hannaway et al., 1999).
The PRG plant reproduces by means of tillering, this is a result of asexual reproduction
occurring at the base of the stem, where cell division produces new leaves known as
tillers. Established tillers can further produce additional leaves and tillers, which results
in increased sward density and quality. One advantageous characteristic that PRG has
over other plants in terms of grazing is that it has a relatively short stem where energy
can be stored. This stem predominantly remains below grazing or cutting height (3.5 –
4.0 cm) enabling it to reproduce leaves more rapidly after defoliation. This further enables
the plant to tiller and reproduce more efficiently than other grass species in the sward,
resulting in greater dominance and persistency (Hunt and Field, 1978).
The main components of the PRG plant vary in proportion depending on the morphology
of the plant, time of year and grazing management. In favourable soil nutrient and
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moisture conditions, the main drivers for PRG growth are day light and temperature (Hunt
and Field, 1978). Plant components vary in terms of feeding value and the structural
composition of the plant has a significant effect on overall sward quality. Beecher et al.,
(2015) found that PRG leaf, stem and dead leaf proportions varied significantly between
rotations and noted that dead leaves were more prevalent in the sward in early spring.
Stem proportion was highest at the reproductive growth stage (May – June) and leaf
proportions increased when the plant was in its vegetative growth stage (March – May,
June – October).
The structure of the PRG plant consists of three vegetative leaves. The rate at which a
new leaf grows can range from 7 - 40 days depending on the season. Once the oldest leaf
matures it begins to die and turn yellowish in colour (Teagasc, 2019). As the plant begins
to reach peak yield at the end of spring, it enters the reproductive or inflorescence growth
stage, during which the structure and feed quality of the plant rapidly change. The true
stem emerges from the pseudo stem and eventually a seed head appears. The cell wall to
cell contents ratio increases with the plant becoming more fibrous and turgid and its
growing height increases (Buxton, 1996). In the reproductive stage the feed quality and
palatability of PRG is significantly reduced and the increased sward canopy height
reduces light penetration at the base of the sward. This leads to a build-up of senescent
leaves at the base of the sward, consequently reducing the growth of new vegetative
leaves by tillering (Buxton and Redfearn, 1997; Curran et al., 2010; Michael O’ Donovan
et al., 2004).
The reproductive growth stage peaks in early summer and during this period it is vital
that sward quality it not allowed to deteriorate. Sward covers need to be grazed before
they reach seed head to maintain high vegetative leaf proportions (Beecher et al., 2015).
During the winter months the PRG plant needs a period of rest and vernalization; thus
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paddocks need to be closed off from the start of October onwards to ensure adequate grass
supply for Spring (Claffey et al., 2019; Lawrence et al., 2017). Dead leaves build up in
the sward during winter resulting in a higher percentage of dead leaves in the sward during
the first rotation. Therefore, it is important to graze swards in early spring to clean off
dead leaves and promote the growth of new, high quality leaves, which maximise annual
sward quality and cow performance (Beecher et al., 2015; Hunt and Field, 1978; Michael
O’ Donovan et al., 2004).
Perennial ryegrass cultivars come in two main variety groups; diploids that have two sets
of chromosomes per cell and tetraploids, which have four sets of chromosomes.
Consequently, tetraploids have larger leaves, higher DMI, greater HM yields and can
achieve better graze out efficiencies (Burns et al., 2014; Byrne et al., 2018; Stewart and
Hayes, 2011). Conversely, tetraploids have a more upright and open sward growing
manner, making them more difficult to manage in terms of maintaining sward density and
preventing weed ingress, although this can be advantageous for clover integration
(Fernandez and Rodriguez, 2010; O’ Donovan and Kennedy, 2007). Diploids tend to have
a higher DM content and more persistent growing characteristics (Wilkins and
Humphreys, 2003). Cultivar varieties of PRG are typically classified by the timeframe in
which their reproductive stage is reached. This timeframe is referred to as a variety’s
heading date, which is defined as either early, intermediate or late. The period of peak
PRG growth is dependent on heading date and selecting recommended varieties from
sources such as the Teagasc Pasture Profit Index, enables farmers to tailor growth rates
to suit the seasonal demand requirements of their grazing system and farm soil type
(Fernandez and Rodriguez, 2010; McEvoy et al., 2014; Stewart and Hayes, 2011).
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2.2.4.2 White clover
The WC plant is highly compatible with PRG, resulting in both environmental and
grazing benefits when combined with PRG in swards (Andrews et al., 2007; EnriquezHidalgo et al., 2014; O’ Donovan and Delaby, 2016). The WC plant grows both
horizontally via stolons along the soil surface and vertically via petioles, which emerge
from the stolon. The stolon holds the plant’s three round leaflets, which have distinctive
white curved markings (Frame and Newbould, 1986; Thompson, 1995). Soil
temperatures of over 9 °C are required for substantial WC growth, which is generally
slow in spring and increases to a peak as the plant flowers in late summer. In comparison
with the PRG lifecycle, WC inflorescence has a reduced effect on herbage quality and
growth rates peak later in summer, when it has its greatest impact on pasture production
and can increase to > 30% of total sward content (Black et al., 2009; Frame and
Newbould, 1986; Humphreys and Lawless, 2006).
White clover has a lower growing point and canopy height than PRG; this can result in
PRG out competing and over shadowing WC in swards that receive high levels of N. This
can also occur on swards that are not grazed out sufficiently (Enriquez-Hidalgo et al.,
2018; Höglind and Frankow‐Lindberg, 1998; Thompson, 1995).
In comparison with PRG, WC has greater grazing quality and ultimately can lead to
greater levels of animal production. In terms of quality WC is higher in palatability,
protein and digestibility than PRG and can result in higher milk yield and solids
production (Andrews et al., 2007; Enriquez-Hidalgo et al., 2018; McClearn et al., 2020).
Moreover, WC has greater energy availability compared to PRG due to its lower
proportions of fibre and structural carbohydrate. This makes it easier for animals to
breakdown plant organic matter and N (Buxton and Redfearn, 1997; Dillon, 2006).
Enriquez-Hidalgo et al., (2018) and Guy et al., (2020) found that PRG/WC mixed swards
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achieved increased yields of 1.5 - 2.9 t DM ha-1 year-1 compared with PRG only swards
under similar levels of N application.
In terms of environmental benefits, WC can fix between 55 – 296 kg N ha-1 year-1 of
atmospheric N to the soil by means of a symbiotic relationship with rhizobium bacteria
that dwell within the plant’s root nodules. Thus, reducing pasture N requirements and
emissions (Ledgard and Steele, 1992). Alternatively, there are a number of disadvantages
with regard to grazing WC, such as the risk of bloat in grazing animals and poor
persistency in PRG swards, which make it more difficult to manage (Dillon, 2006;
Enriquez-Hidalgo et al., 2018; Humphreys and Lawless, 2006). Guy et al., (2020)
reported a 17% decrease in WC content over three years on high N fertilised swards.

2.2.5

Grass quality

To maximise production from grass-based systems, cows need to have a sufficient DMI
of high quality digestible herbage that enables rapid consumption and passage through
the rumen (Fernandez and Rodriguez, 2010). The fundamental measure of grass quality
is animal performance, however, this is often not practical to measure directly (Coleman
and Moore, 2003). Grass quality parameters that are considered important for grazing
systems include DM, dry matter digestibility (DMD), ME, organic matter digestibility
(OMD), crude protein (CP) and water soluble carbohydrates (WSC) (Burns et al., 2013;
O’ Donovan et al., 2011). These parameters are discussed in detail in the following
sections.

2.2.5.1 Dry matter
The most basic parameter of grass quality is DM, which is used to determine HM (section
2.2.3). Grass DM content is measured as the weight of dried grass in g kg-1 of fresh weight
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or it can also be expressed as a percentage. Grass DM content is an important quality
parameter as it reflects the quantity of nutritious feed stuff within the grass and is
dependent on sward composition and morphology, as well as environmental factors.
Alternatively, the moisture content of grass has little nutrient value to grazing animals.
Grass with lower DM content increases rumen fill and consequently reduces DMI
(Cabrera Estrada et al., 2004; Fernandez and Rodriguez, 2010; John and Ulyatt, 1987;
Wilkinson et al., 2014). Grass DM may vary on a daily and seasonal basis; Earle and Mc
Gowan, (1979) recorded variations in the range of 14 – 19% DM throughout the day
during summer, in South Australia, while Wilkinson et al., (2014) recorded a mean DM
content of 18% (range = 5 – 62%) and observed little difference in its range between
months, over seven grazing seasons on British grasslands. O’Neill et al., (2013) recorded
a similar mean of 17% (range = 11 – 26%) in PRG dominant pastures on Teagasc research
farms over 11 years.

2.2.5.2 Dry matter digestibility
Sward DMD is a more detailed quality parameter than that of DM, as it is a measure of
the nutritious proportion of DM that can be digested by the animal. Not all DM can be
digested and some is passed through the animal and not utilised. Plant DM is comprised
of cell wall and cell content material. Cell contents are high in nutrients and can be easily
digested by the animal, whereas cell wall matter is less digestible and nutritious.
Vegetative swards are leafier and achieve greater DMI as they have a higher proportion
of cell contents, whereas reproductive swards with high stem content have a greater cell
wall proportion (Fernandez and Rodriguez, 2010; Wilkins and Humphreys, 2003).
Grazing swards with high cell wall content can inhibit microbial activity in the rumen and
slow the rumination process (O’ Donovan et al., 2011). Plant DMD content is
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proportional to the cell wall/content ratio and is dependent on a range of sward factors,
including composition and maturity, as well as soil and environmental conditions
(Fernandez and Rodriguez, 2010). In vitro DMD is considered the primary parameter for
grass quality in terms of feeding value and is used for ranking and selecting optimum
grass varieties for pasture production in Ireland (Byrne et al., 2018; McEvoy et al., 2014;
Teagasc, 2020b). Top performing recommended PRG varieties have DMD values in
excess of 830 g kg-1 DM (Teagasc, 2020b). The DMD of grass is proportional to its ME,
which is a primary measure of feed energy (section 2.2.2) (British Grassland Society,
2020; Coleman and Moore, 2003). Herbage DMD can be calculated using Eqn. (2-3), as
outlined by Freer (2007).

DMD = (herbage DM – faeces DM)/herbage DM

(2-3)

2.2.5.3 Organic matter digestibility
Grass OMD is considered to be a more precise measure of sward digestibility than DMD.
The OMD is a direct measure of the amount of DM that is actually broken down and
utilised within the rumen. Grass DMD can contain ash or mineral content that is not
directly utilised for animal nutrition and OMD is corrected for this (Mcleod and Minson,
1974). Grass mineral and vitamin content can affect long term animal nutrition, however,
both of these are slow releasing and easy to supplement within diets, thus they are not
considered critical factors for quantifying grass quality (Coleman and Moore, 2003).
Grass samples can be contaminated with soil during harvesting, which may cause
increases in ash and DMD. Ideally all grass quality data should be expressed in terms of
organic matter content (Mannetje, 2000; O’ Donovan, 2000). Plant OMD is proportional
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to its live leaf composition and energy content, therefore it is higher in leafier swards at
lower pre-grazing HM (Curran et al., 2010; Fernandez and Rodriguez, 2010). O’Neill et
al., (2013) recorded a mean OMD value of 801 g kg-1 DM (range = 635 – 861 g kg-1 DM).
Enriquez-Hidalgo et al., (2018) recorded significantly higher OMD in mixed clover
swards compared to PRG only swards. Herbage OMD can be calculated using Eqn. (2-4)
below:

OMD = (herbage OM – faeces OM)/herbage OM

(2-4)

2.2.5.4 Crude protein
One of the main components of the grass cell is CP, which is an important source of N;
this is important for microbial protein synthesis in the rumen (Burns et al., 2013; Coleman
and Moore, 2003; Wilkins and Humphreys, 2003). A further function of CP is as a supply
of amino acids that are required for milk production (Coleman and Moore, 2003). The CP
content of well managed PRG swards is typically over 200 g kg-1 DM and is typically
higher in clover swards. This is in excess of cow requirements and can lead to increased
N excretion through urine (Enriquez-Hidalgo et al., 2018; O’ Donovan et al., 2011; O’
Neill et al., 2013; Wilkinson et al., 2014). The minimum CP content required for rumen
function is between 80 - 120 g kg-1 DM and CP levels in PRG can decrease to below this
value when the plant enters its reproductive stage (Coleman and Moore, 2003; Wilkins
and Humphreys, 2003). Similar to OMD, CP is higher in leafier swards at lower pregrazing HM and is correlated with DMD, therefore it can be used as an indicator of overall
sward quality (Andrews et al., 2007; Curran et al., 2010; Fernandez and Rodriguez, 2010).
Herbage CP content is directly proportional (CP = 6.25N) to its N content (Enriquez29
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Hidalgo et al., 2018), which is in turn related to sward N fertilisation status and soil
organic matter content (Dillon, 2006; Wilkinson et al., 2014).

2.2.5.5 Water soluble carbohydrate
Further significant cell components in grass include WSCs; these contain fructans, starch
and pectins, which are rapidly digested by grazing animals. High sward WSC content can
improve DMI and provide a good source of energy for ruminants (Burns et al., 2013;
Fernandez and Rodriguez, 2010; Wilkins and Humphreys, 2003). The WSC content is
dependent on a balance between plant photosynthesis and respiration and can be
described as the sugar stored predominantly in the base and roots of the plant (Mannetje,
2002). High WSC content is important for increasing N use efficiency (of ruminants) by
balancing the N to energy ratio in the rumen, thereby reducing excreted N levels in the
urine of grazing animals. Water soluble carbohydrates are also necessary for silage
preservation and quality. Furthermore, WSC can have modest positive effects on DMI
(O’ Donovan et al., 2011; Wilkins and Humphreys, 2003). Miller et al., (2001) found that
PRG with high WSC concentrations increase milk yield and protein levels through greater
DMI and N use efficiency in the rumen. Wilkinson et al., (2014) recorded a mean WSC
of 90 g kg-1 DM (range 30 – 242 g kg-1 DM) on British grasslands.

2.2.6

Factors associated with grazing sward variation

Availability of herbage for grazing can vary considerably within pastures making it
difficult to accurately quantify and allocate on a regular basis. Therefore, sward spatial
and temporal variation is a major constraint on the efficiency of grazing systems
(Schellberg et al., 2008). Sward heterogeneity can increase as a result of a number of
factors including soil, environmental, temporal, compositional and grazing conditions.
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Jordan et al., (2003) recorded mean variation in HM to be in the range of 15 - 30% on
intensively cut PRG dominant silage fields in the North of Ireland. This study further
recorded increases in sward variation as the growing season progressed in accordance
with the morphological growth stages of PRG (section 2.2.4). Mixed swards of WC and
PRG are becoming more popular on Irish farms due to the advantages of WC discussed
previously in section 2.2.4.2. However, WC has a lower canopy height than PRG,
resulting in mixed swards having greater variation in canopy surface height, which can
make measurement more difficult (Höglind and Frankow‐Lindberg, 1998). Multi-species
swards, including plants such as chicory (Cichorium intybus L.) and plantain (Plantago
lanceolata L.), may become more frequently used within Irish pastures in the near future
for the purposes of increasing quality and reducing N requirements (Moloney et al.,
2020). Similar to PRG/WC swards, multi-species swards may have greater variation in
canopy height and structure compared with PRG monocultures.
Heterogeneity is typically higher within grazed swards compared with silage fields, due
to selective grazing by animals. These factors increase the difficulty of estimating average
HM within grazed pastures (Hirata, 2000; Klootwijk et al., 2019a; Verwer et al., 2016).
Barthram et al., (2005) recorded variation in sward height in the range of 30 – 70% due
to selective grazing on PRG dominant swards grazed by sheep in Scotland. Klootwijk et
al., (2019a) quantified that the area of rejected patches of pasture ranged from 22 – 43%,
which increased as the grazing season progressed on Dutch PRG swards. The study
further recommended that the area of rejected patches be accounted for when calculating
available herbage.
A further cause of pasture variation and damage is poaching. In wet conditions, treading
pressure from animals remoulds the soil surface damaging the sward and compacting the
soil, which can increase weed ingress and reduce pasture production. Grazing on saturated
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soils during periods of prolonged wet weather increases the risk of poaching. However,
poaching can be avoided by better grassland management and on-off grazing practices
(Evans et al., 1998; Menneer et al., 2005; O’ Donovan and Delaby, 2016). Grassland
management factors such as stocking rate and herbage allowance have significant impacts
on the variation of sward yield and quality within a pasture (Stakelum and Dillon, 2007).
Furthermore, there are temporal effects on sward quality variation. Wilkinson et al.,
(2014) found that variation in most sward quality components increased rapidly as the
sward entered its reproductive growth stage, with variation peaking in the middle of the
grazing season. The study also found that within month variation in sward quality was
large, resulting in either inadequate or excessive amounts of essential nutrients being
provided to grazing animals. The study further recommended that regular sward quality
measurements be taken to allow for more accurate supplementation of animals to meet
their dietary requirements.

2.2.7

Nitrogen fertilisation

When soil phosphorus, pH and potassium levels are optimum, N is the main driver of HM
production and sward quality (Delaby et al., 1998; Harris et al., 1996). Nitrogen is
predominately applied through artificial fertiliser and to a lesser extent through organic
manure. Application of N to grassland stimulates tiller growth and therefore produces
denser swards. Consequently, N is considered the most important nutrient for increasing
PRG growth (Cookson et al., 2000; Harris et al., 1996). A typical annual N application
for PRG dominant grassland is 250 kg N ha-1 year-1, with the majority of this being applied
in spring and early summer. Application rates of N can increase to 400 kg N ha-1,
however, herbage response can be further limited at higher rates of application. Herbage
N response can further be limited by weather conditions and grass morphology, as
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vegetative swards are capable of utilising more N (Hennessy et al., 2008). O’ Donovan et
al., (2004) reported N responses of over 17 kg DM per kg of N fertiliser applied in early
spring. Swards with higher clover content do not require as much N as PRG only swards
(section 2.2.4.2).
Excessive N application can lead to surplus N losses to ground and surface water, which
is one of the major environmental impacts of pasture-based farming. The primary sources
of N losses from grazing systems are excessive N fertilisation and levels of N in
supplemented feed, as well as animal urine excretions (Gourley et al., 2012). Nitrogen
losses can be mitigated by optimum stocking and utilisation of pastures, which increases
N use efficiency (Hennessy et al., 2013; McCarthy et al., 2015; Thomas et al., 2020). The
ability to quantify pasture N content and N requirements will be vital in reducing future
N losses from pasture. New technologies are being developed to optimise N fertilisation
by methods such as variable rate application (Hennessy et al., 2020).

2.3 Conventional grass measurement
Accurate measurement and allocation of fresh pasture to the grazing herd on a daily basis
is critical to increasing the efficiency and profit of grass-based livestock systems. A New
Zealand based study conducted by Beukes et al., (2019) found that conducting regular
grass measurements can improve farm profits by up to 15% through increased feeding
consistency, reduced feed imports and improved grassland management. Financial
studies carried out in Ireland on the benefits of improving grassland measurement and
management, have placed a value on increasing annual fresh grass utilisation in a grazing
herd’s diet to be in the range of €160 t-1 ha-1 to €278 t-1 ha-1 (Dillon, 2011; Hanrahan et
al., 2018).
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The subsequent description of conventional grass measurement practices can be broken
down into the following sub sections: 1) destructive grass measurement, 2) nondestructive grass measurement and 3) sampling techniques for grasslands.

2.3.1

Destructive grass measurement

Destructive measurement refers to when herbage is cut and removed from the pasture for
direct analysis. Destructive techniques are typically used as reference methods for
modelling herbage parameters by means of non-destructive measurement methods
(section 2.3.2). All of the grass quality measurement methods discussed in the following
section are lab based, referred to by the Latin term in-vitro. Direct measurement of animal
feeding responses to herbage, referred to as in-vivo, are predominantly the most accurate
methods of determining herbage quality. Conversely, these methods can be more
protracted, expensive and laborious compared with in-vitro methods. Furthermore in-vivo
methods can have negative impacts on animal welfare and are only practical in a research
setting (Adesogan et al., 2000; Coleman and Moore, 2003).

2.3.1.1 Measurement of herbage mass - cutting and weighing
The ‘gold standard’ method of determining HM is by cutting and weighing herbage
samples using a quadrat, shears and scales (Martin et al., 2005; Wilkinson et al., 2020).
A square frame referred to as a quadrat is used to select the area of herbage to be sampled.
Quadrat materials and dimensions can vary, but are typically 0.5 m x 0.5 m with a light
steel frame. This allows the frame to be thrown over the operators shoulder to allow for
the random selection of a representative sampling area, the importance of which will be
discussed in section 2.3.3. Once the sample location is selected, herbage outside the edges
of the quadrat must be pushed away and external moisture brushed off the grass. A
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mechanical battery operated shears (Figure 2-3) can then be used to cut the herbage within
the quadrat down to a target post grazing height, as outlined in Dale et al., (2017) and O’
Donovan et al., (2002a). The cut herbage can then be gathered and sealed in an air tight
plastic bag for lab analysis or weighed in situ using a portable scales to approximate HM
using an estimated DM content.

Figure 2-3 Quadrat cutting of grass sample with mechanical battery operated shears. Figure sourced
from Tuffy (2015)

Motorised mowers, similar to lawn mowers, that cut a strip of herbage several meters
long are often used in research trials, as described in McEvoy et al., (2011). In this method
the harvested herbage is gathered in the bag of the mower for later weighing and sub
sampling. The length of the cut sample area is then measured using a trundle wheel and
factored by the width of the mower to determine the cut area (Cayley and Bird, 1996;
Mannetje, 2000; O’ Donovan, 2000).
No matter which cutting method is used, the recorded HM within the sample area is
extrapolated to estimate the HM cover for the entire pasture. Eqn. (2-5) can be used to
estimate pasture HM (O’ Donovan, 2016).
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𝐹𝑟𝑒𝑠ℎ 𝑤𝑒𝑖𝑔ℎ𝑡 𝑜𝑓 𝑔𝑟𝑎𝑠𝑠 (kg) x DM% x (1 ha ÷ cut area) = HM

(2-5)

For example, if 139 g of herbage was harvested within a quadrate (area = 0.25 m2) and
the DM content was 18%, this would result in 25 g DM 0.25 m-2. The HM within the
quadrat is then multiplied by 40,000 (1 ha ÷ 0.25 m2) and converted to kg, resulting in an
estimated cover of 1,000 kg DM ha-1(Kavanagh, 2016).
Despite cutting and weighing being the reference method for determining HM there are
numerous potential sources of measurement error including operator bias regarding both
sample area selection and post cutting height, soil contamination and difficulties
regarding the definition of sample area boundaries. Furthermore, there are several well
documented disadvantages to cutting and weighing including labour intensity, herbage
destruction and sample subjectivity (Cayley and Bird, 1996; Mannetje, 2000; Martin et
al., 2005). A significant disadvantage of cutting and weighing is the requirement of a
large number of samples to account for sward spatial variation within grazed pastures.
Sward heterogeneity can be accounted for by increasing sampling intensity, however, this
leads to increases in measurement labour and time, as well as an increase in the quantity
of herbage removed from the pasture (Earle and Mc Gowan, 1979; Ferraro et al., 2012;
Thomson, 1983).

2.3.1.2 Dry matter – oven drying
Oven dying is an established method of determining the DM of herbage samples taken
from the field. When samples are cut in the field they should be homogenised and then a
representative sub-sample should be selected for lab analysis. Fresh grass sub-samples
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should be stored in air tight plastic bags prior to lab analysis. If samples cannot be
processed immediately, they should be stored in a refrigerator to avoid losses due to
respiration and proteolysis. Dale et al., (2017) recommended that grass samples should
be cut, stored in an air tight bag, refrigerated to 4 °C and then analysed within 24 hrs to
minimize compositional degradation. Prior to drying, 100 g of grass is weighed out on a
metal tray using an electronic scales (Cayley and Bird, 1996). Care must be taken to
remove any contaminant material, such as clay and dung, from the sample. Trays are then
placed in an oven at either 40, 60, or 90 °C for periods of up to 48 hrs, depending on the
temperature. The selected drying temperature depends on whether the samples are being
kept for further chemical analysis to determine quality parameters. Samples deemed for
quality analysis are typically dried at 60 °C for 48 hrs to minimise chemical degradation
of plant constituents, which can occur at temperatures above 80 °C (Adesogan et al.,
2000). Once samples are dried, they are re-weighed and the recorded dry weight is
expressed as a percentage of the fresh weight to determine the DM content.

2.3.1.3 Dry and organic matter digestibility
An established method of determining in vitro DMD was developed by Tilley and Terry,
(1963). There are two stages to the process, firstly a sample of herbage DM is immersed
in rumen liquid in dark anaerobic conditions to replicate digestion conditions in the rumen
for 48 hours, and secondly, pepsin is added to breakdown undigested protein for a further
48 hours. The rumen liquid samples are taken directly from fistulated animals. The dry
weight of material remaining after this process is completed is then weighed to determine
the indigestible DM, this is subtracted from the original sample DM weight to determine
DMD (g kg DM-1). The digestibility process can also be simulated using other techniques,
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such as substituting cellulose for rumen liquid or by using gas to replicate fermentation
in the rumen (Mannetje, 2002).
The Tilley and Terry, (1963) method can further be used to determine OMD. To
determine OMD, the ash content of the sampled herbage needs to be calculated by burning
off all organic material in a furnace using methods described by Vázquez De Aldana et
al., (1996) and Hoffman, (2005). The ash content is then weighed and deducted from the
DMD to determine OMD (Freer, 2007).

2.3.1.4

Crude protein

Two of the more common methods of determining the protein concentration of grass are
the Kjedahl method and the Dumas combustion technique. The latter is the most practical
method as it is faster and does not require the use of toxic chemicals. Both methods
measure the N content of herbage and use a factor of 6.25 to determine the CP content.
The term ‘crude’ is used because some N that is not contained in protein may be included
in the measurement, resulting in an over estimate of true protein content (Adesogan et al.,
2000; Coleman and Moore, 2003; Müller, 2017). The Dumas combustion method can be
performed using a Leco analyser (FP-428; Leco Corporation, St. Joesph, MI, USA). The
method involves combusting a herbage sample in an oxygen rich atmosphere causing N
within the sample to be converted to N2 gas, which can be separated and measured using
a thermal conductivity detector (Müller, 2017).

2.3.2

Non-destructive grass measurement

Non-destructive measurement refers to when grass is analysed in-situ and modelling
techniques are used to predict selected parameters. This form of measurement enables
real-time analysis of pasture and ultimately allows for more responsive grassland
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management decision making. Non-destructive measurement techniques are typically
cheaper, less laborious and more practical than destructive methods. For these reasons
non-destructive techniques are more commonly used by farmers on a regular basis.
However, modelling techniques are prone to error and non-destructive methods are
typically less accurate than destructive methods.

2.3.2.1 Visual estimation
Visual estimation is the most fundamental method of non-destructive grass measurement;
it involves the farmer observing the pasture and estimating the average HM within a
paddock. It is the fastest, cheapest and least laborious method of measuring HM.
Moreover, the farmer is able to use their knowledge of the sward’s composition to account
for the variation of HM within the pasture (Campbell, 1973; O’ Donovan et al., 2002a).
O’ Donovan et al., (2002a) developed a simple method for VE of Irish pastures that
required continuous calibration of the observer’s estimates against herbage cuts on a
monthly basis. The study found that VE tended to overestimate HM in winter/early spring
and also at low HM (< 750 kg DM ha-1), with a standard error (SE) of prediction of 265
kg DM ha-1. Furthermore, it was found that observers tended to underestimate HM in late
summer, possibly due to the sward entering its reproductive growth stage. An
accompanying study by O’ Donovan et al., (2002b) recorded lower error (SE = 193 kg
DM ha-1) and concluded that VE was the most accurate non-destructive method of
measuring HM compared to the sward stick, capacitance meter (CM) and RPM. Regular
visual re-calibration by cutting and weighing is necessary to inform the observer of their
level of prediction bias, enabling them to re-adjust their estimates accordingly (O’
Donovan et al., 2002a; Stockdale, 1984). The ease of frequent re-calibration is another
advantage that VE has over other non-destructive techniques, which are typically more
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complicated to re-calibrate (O’ Donovan et al., 2002a). Stockdale, (1984) reported higher
SE values of 490 kg DM ha-1 and 395 kg DM ha-1 for VE of pre and post grazing HM,
respectively, on Australian irrigated pastures. This study concluded that VE was highly
subjective, resulted in many incorrect estimates and that a more objective technique was
required to measure HM. L’Huillier and Thomson, (1988) found that VE was more
accurate than the RPM, but noted that observer variation was large (with reported SEs of
between 398 – 767 kg DM ha-1) between trained and untrained observers. Thomson et al.,
(1997) reported differences in observations of 900 kg DM ha-1 between experienced
observers at different dairy research centres in New Zealand and attributed this large
discrepancy to a lack of regular re-calibration.

2.3.2.2 Measuring sward height
In general HM increases proportionally with grass height. Measuring grass height using
a sward stick or pasture ruler is one of the most basic means of predicting HM. Essentially
this method uses a scaled ruler to measure the undisturbed canopy height of the standing
sward in cm; this value is then used to predict HM using simple linear regression (SLR)
(section 2.6.1). As with all none destructive HM estimation methods, the pasture ruler is
calibrated against reference herbage cuts (Mannetje, 2000; O’ Donovan et al., 2002b).
One significant issue with measuring sward height directly is that HM is not proportional
throughout the height of the canopy. More HM is contained in the lower leafy layers of
the sward where more tillers are present. Furthermore, in the reproductive growth stage
canopy height increases significantly as PRG stems appear and dead material commences
to build up at the base of the sward, which alters the relationship between sward height
and HM considerably (O’ Donovan, 2000). However, this phenomenon adversely affects
all non-destructive methods that measure grass height in one form or another. Measuring
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sward height is highly prone to sampling error and bias as only individual plant heights
can be measured. This makes the task of sampling a sufficient number of plants (to
accurately estimate HM variation within a paddock) highly laborious, as this process is
slow and cumbersome (López-Díaz et al., 2011; O’ Sullivan et al., 1987). Sanderson et
al., (2001) showed that HM prediction by measuring sward height with a pasture ruler
was highly inaccurate (reporting SEs in the range of 530 – 760 kg DM ha-1) in North
American temperate pastures. Likewise, O’ Donovan et al., (2002b) found that measuring
sward height with a sward stick was less accurate than VE and the RPM (reporting a SE
of 249 kg DM ha-1) on Irish PRG dominant swards.

2.3.2.3 Capacitance meter
The CM was more commonly used for research purposes up until the past decade.
However, studies on the CM as a method of predicting HM have declined in recent years
and it never became an established method of grass measurement on Irish farms.
Capacitance is the rate of change of electric charge on a conductor in relation to the
corresponding change in electric potential between it and an adjacent conductor. There
have been multiple iterations of CM design, although one of the more common models
used in research is the Pasture Probe developed by Vickery et al., (1980). This CM uses
an electric probe fixed to a staff, which is dropped into the pasture. An oscillator within
the probe is used to send out an electric signal (3 – 5 kHz). As the signal is emitted, the
probe acts as one plate of a capacitor, the leaves of the herbage act as the second plate
and the air acts as the dielectric material between them. The change in electric frequency
between the probe and herbage is then measured to determine the capacitance, which is
proportional to the area of herbage mass. A schematic of a CM measurement system is
shown in Figure 2-4.
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Figure 2-4 Schematic of capacitance meter measurement system. Figure sourced from Serrano et al.,
(2020)

Michell and Large (1983) found that the CM was marginally less accurate than the RPM
over the spring and summer of one grazing season on PRG pasture in the UK (reporting
SE in the range of 250 – 825 kg DM ha-1). These findings agreed with the results of a
similar study by Gabriels and Berg, (1993) in the Netherlands. Conversely, Murphy et al.,
(1995) reported that the CM was more accurate at measuring unfertilised multi-species
swards in the USA, compared to the RPM and sward stick. L’Huillier and Thomson,
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(1988) reported similar findings on PRG/WC swards in New Zealand. Alternatively, a
study on mixed swards in the USA by Sanderson et al., (2001) found the CM to be less
accurate than the RPM, recording standard errors of prediction (SEP) of 33% and 26%
for respective methods. O’ Donovan, et al., (2002b) found the CM to be the least accurate
(SE = 458 kg DM ha-1) in comparison to all other established non-destructive methods on
Irish grassland. These findings may explain why the CM has not become an established
measurement tool on Irish grassland, unlike the RPM. Litherland et al., (2008) reported
that the CM did not work in dry summer conditions due to the high presence of plant dead
matter, which is a poor conductor of the CM’s electric signal, and similar findings were
reported by Thomson (1983).

2.3.2.4 Rising plate meter
The most established non-destructive tool for measuring pasture in Ireland is the RPM.
The RPM records a combined measure of pasture height and density, referred to as CSH.
The RPM system comprises of a weighted disc, attached to a scaled staff with a
measurement system. The hand held staff of the RPM is dropped vertically onto grass,
where the force resulting from the combined density and height of the grass causes the
plate to rise. The increased height of the plate respective to the soil surface is recorded as
CSH in either 5 mm or 1 mm increments, depending on the measurement system.
Recorded CSH is then used to estimate HM by means of a regression model (section 2.6).
Measurement systems can vary from analogue ratchet and scale counters to ultrasonic
sensors. The resultant CSH is not only dependent on the composition of the sward but
also on the initial downward pressure of the plate. Plate pressure is a function of plate
weight and diameter, which can vary between RPM models (Castle, 1976; Earle and Mc
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Gowan, 1979; McSweeney et al., 2019). A schematic of a basic RPM measurement
system can be seen in Figure 2-5.

Figure 2-5 Schematic of a basic rising plate meter ratchet and scale measurement system. Figure
sourced from Earle and Mc Gowan (1979)

The RPM is an established method of pasture measurement and is commonly used on
Irish dairy farms (Defrance et al., 2004; Hanrahan et al., 2017). Studies have highlighted
the RPM’s significance as an objective, inexpensive, rapid and effective means of
estimating available herbage. Use of the RPM requires minimal training and a large
number of samples can be recorded and distributed throughout a paddock in a relatively
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short space of time (Castle, 1976; Lile et al., 2001; Michell, 1982; O’ Sullivan et al.,
1987). Litherland et al., (2008) found that the RPM was better at predicting HM across
seasons compared with the CM, on PRG pastures in New Zealand. However, despite the
RPM being an established grass measurement tool, its limitation in terms of accuracy has
been noted. Sanderson et al., (2001) reported that the RPM had greater precision (SEP =
26%, root mean squared error (RMSE) = 447 – 653 kg DM ha-1) than the CM and pasture
ruler, but was not sufficiently accurate to estimate HM within a threshold of 10% error to
make grass measurement financially beneficial. Similarly, O’ Donovan et al., (2002b)
found the RPM was more accurate than the CM and pasture ruler, but concluded that the
RPM (SE = 222 kg DM ha-1) was not as accurate as VE (SE = 193 kg DM ha-1) for
estimating available herbage on Irish PRG swards. Fehmi and Stevens (2009) recorded a
RMSE of 466 kg DM ha-1 on semi-arid perennial grassland in the USA, concluding that
the RPM had limited potential in estimating peak HM. A more recent study by Klootwijk
et al., (2019b) on intensively grazed PRG dominant Dutch pastures, reported RPM SEP
to be in the range of 25 – 31% (RMSE = 226 – 274 kg DM ha-1). A considerable source
of RPM error is the large variation between CSH measurements recorded within pastures,
resulting from the interaction between the rising plate and the heterogeneity of the vertical
profile of the sward. Factors reported to effect this interaction include grass species,
season, region and grazing intensity (Defrance et al., 2004; Fehmi and Stevens, 2009;
Ferraro et al., 2012; Klootwijk et al., 2019b). These factors are further associated with
overall pasture heterogeneity (section 2.2.6). Moreover, there is no standardised RPM
design and models vary considerably in terms of plate pressure and measurement system.
This makes it difficult to transfer established HM calibrations between different RPM
models (Holshof et al., 2015). Furthermore, despite the RPM being designed to reduce
the subjectivity of grass measurement, there is no robust measurement protocol on how
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to use the RPM in an objective manner, which can contribute to HM variation. This will
be discussed in more detail in section 2.3.3.
Few studies have assessed RPM measurement precision in terms of the repeatability of
measurement. Sources of repeatability error may include: not placing the plate down
perpendicular to the sward canopy, variation in force with which the RPM is dropped on
the sward, swinging the RPM like a walking stick while walking, measuring on poached
ground and measuring rejected grass around dung pats (Earle and Mc Gowan, 1979;
Klootwijk et al., 2019a; Thomson et al., 2001). L’Huillier and Thomson (1988) found
RPM measurements to be repeatable within paddocks across a range of HM values
throughout the day, however, repeatability error increased in wet conditions.
Furthermore, this study found no significant difference between CSH measurements
taken by different trained operators. Earle and McGowan (1979) found that predicted HM
values from repeated measures on the same plots varied by less than 3% (50 kg DM Ha1

). Lile et al., (2001) reported that the RPM consistently recorded lower HM (by an

average of 385 kg DM ha-1) in comparison with visual estimates over a three year period
on PRG/WC swards in New Zealand. McSweeney et al., (2019) found RPM
measurements to be repeatable on precision cut steel pipes, but did not assess the variance
of repeated measures on grassland swards.
Seasonal changes in sward composition are another significant source of RPM error and
the seasonal variation in the relationship between CSH and HM has been well
documented in literature (Braga et al., 2009; King et al., 2010; L’Huillier and Thomson,
1988; Michell and Large, 1983). Ferraro et al., (2012) stressed that the RPM should be
re-calibrated on a monthly basis throughout the growing season. Variation within the
relationship between CSH and HM has been reported to increase as PRG enters the
reproductive growth stage, due to proportional increases in stem and dead leaf content, as
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previously discussed in section 2.2.6 (Castle, 1976; Klootwijk et al., 2019b; Litherland et
al., 2008). Klootwijk et al., (2019b) noted that reproductive PRG tillers in the month of
June had a higher resistive force to plate compression, which led to higher CSH’s without
proportional increases in HM and thus higher error within their relationship.
Subsequently, variation in HM prediction has been noted to increase as the plant begins
to lodge at higher yields due its own weight and wind effects. Douglas and Crawford
(1994) reported that lodging occurred at CSHs ≥ 180 mm, which corresponded to HM >
4,000 kg DM ha-1. Hakl et al., (2012) found that the RPM was limited at measuring CSH
on lucerne swards above 80 cm due to lodging effects in the Czech Republic. Similarly,
Lile et al., (2001) and L'Huillier and Thomson (1988) reported limitations in RPM
accuracy at HM > 3,000 kg DM ha-1. Holshof et al., (2015) reported the limits of
reliability of a number of RPM models to be at approximately 2,500 kg DM ha-1, which
corresponded to between 20 – 25 cm CSH. Furthermore, the increased presence of dead
plant matter in reproductive swards or over winter, can result in lower sward resistance
to plate compression and has been noted to affect the relationship between CSH and HM
(Braga et al., 2009; Ferraro et al., 2012; L’Huillier and Thomson, 1988; Nakagami and
Itano, 2013).

2.3.3

Sampling techniques for grasslands

Pasture quality and HM can vary considerably within pastures (section 2.2.6). To account
for pasture heterogeneity multiple samples or measurements may need to be taken at
locations distributed throughout a paddock following a predetermined protocol (Jordan et
al., 2003; Mannetje, 2002; Thomson, 1983). The effectiveness of a sampling protocol can
be defined by its accuracy, precision and level of potential bias. Sampling accuracy refers
to how close the estimated value is to the true value of the parameter being measured.
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Precision refers to how reliable a protocol is at estimating a pasture parameter by repeated
measures. Bias occurs when the mean sample value is systemically different from the true
value (Cayley and Bird, 1996).
To determine an absolute mean parameter value for a pasture, the entirety of the herbage
would need to be harvested and analysed, this may be possible on small controlled trial
plots used in research but is not practical on grazed paddocks. Therefore, the best possible
representation of the absolute mean must be determined, henceforth referred to as the
‘true’ mean. Sampling protocol accuracy can be defined in terms of ‘true’ mean
estimation error using the following Eqn. (2-6) and expressed in terms of relative
prediction error (RPE) as in Eqn. (2-7).

𝜀 = 𝜇̅ − 𝑥̅

(2-6)

𝜀
𝜀(%) = ( ) 𝑥 100
𝜇̅

(2-7)

where 𝜀 is error, 𝜇̅ is the ‘true’ mean and 𝑥̅ is the sample mean.
Accurately estimating the ‘true’ mean of any herbage parameter can be difficult owing to
the heterogeneous nature of grazed swards. Sward heterogeneity of HM has been defined
in a number of studies using the coefficient of variation (CV) (Barthram et al., 2005;
Hirata, 2000; Jordan et al., 2003). The CV is the standard deviation (SD) (σ) of the mean
expressed as a percentage of the mean. The SD is the square root of the variance (σ2)
between sample values, which is defined by Eqn. (2-8):
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𝑛

1
𝜎 =
∑(𝑥𝑖 − 𝑥̅ )2
𝑛 − 1
2

(2-8)

𝑖=0

where 𝑛 is the number of sampling points, 𝑥𝑖 is the value for the 𝑖th sampling point and
𝑥̅ is the mean of all samples taken within a defined paddock area.

Therefore CV can be determined by Eqn. (2-9):

𝐶𝑉 =

𝜎
∗ 100
𝑥̅

(2-9)

where CV is the coefficient of variation in %, 𝜎 is the standard deviation of herbage
sample values and 𝑥̅ is the sample mean.
Sampling precision is defined by repeatability, which refers to the variability in repeated
measures of the same subject under homogeneous conditions (Mawby, 2006; Taylor and
Kuyatt, 1994). Repeatability error can be determined as the vairance between repeated
samples on the same subject under repeated conditions using Eqn. (2-8). Tests for
repeatability can be repeated to estimate mean measurement system error within a known
probability range. The recorded variance from each repeatability test can be plotted on a
histogram. As the number of repeatability tests is increased, the distribution of
measurement variance when plotted as a frequency polygon will begin to approximate
towards a normal distribution curve, in accordance with the central limit theorem
(Webster and Lark, 2012b). The SD of the variance can then be used to estimate the
statistical probability of a systemic repeatability error occuring when performing a
measurement using the following Eqn. (2-10).
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𝑥̅ ± 1.96𝜎

(2-10)

where 𝑥̅ is the mean measurement error and 𝜎 is the SD of measurement error.
This equation determines the range within which 95% of all possible repeatability errors
will occur, when performing pasture measurements. For non-destructive methods,
repeatability error can be inherent within the measurement system design (section 2.3.2).
Another significant source of measurement error is inconsistent operator use, which is
defined in terms of reproducibility or operator bias (Mawby, 2006). Bias error can be
minimised by adhering to a robustly designed sampling protocol. Once a pasture
measurement tool is used in accordance with manufacturer guidelines, bias in terms of
sample area selection remains the greatest source of unknown bias. For example, when
measuring a pasture area an operator may select the shortest path between the entry and
exit point and take all samples along this path, as it is the most convenient. However, this
path will not give an accurate representation of the variation of herbage within the pasture
and is therefore biased by the operator’s desire for convenience. Likewise, the operator
may consciously or subconsciously select sample locations with either consistently high
or low herbage. Similarly, an operator might choose to sample a paddock along transect
lines in an attempt to distribute samples more evenly. However, this method is also biased
by the operators preference with regard to the positioning of each transect line. To avoid
such bias and maximise accuracy, sample locations should be randomly selected and
spatially balanced throughout a pasture. However, this can be difficult to implement in
practice. If sample location selections are totally random, the entire area within a paddock
has an equal probability of selection. Therefore, measurement parameter values can be
treated as random variables and statistical analysis can be employed to determine
parameter mean and estimation error without bias (Alexander et al., 2005; Mannetje,
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2000; Webster and Lark, 2012b). Alexander et al., (2005) compared common sampling
stratigies, including ‘W’ and ‘X’ transect methods in a ecological study and found random
sampling to be the most accurate and precise.

2.3.3.1

The cost of pasture measurement

Haydock and Shaw (1975) stated that increasing sampling area and resolution will in turn
increase measurement precision, however, this further increases sampling time and cost.
Furthermore, when performing destructive sampling methods care must be taken when
increasing the sample rate, as it may become a significant treatment on the pasture
(Cayley and Bird, 1996). There is a trade-off between the benefit of increasing accuracy
versus time and cost. Reducing measurement time and effort is vital, not only in saving
labour costs for farmers but also to encourage more farmers to measure grass on a regular
basis. The time and cost requirements of regular and accurate grass measurement are
significant barriers to promoting grass measurement on Irish farms. A study conducted
by Creighton et al., (2011) showed that only 20% of Irish dairy farmers used technology
to measure grass on a regular basis. Deming et al., (2018) in a study of Irish dairy farms
that were classified as labour efficient, found that farmers spent between 0.28 - 0.41 hrs
cow-1 year-1 at grass measurement. Average farm labour levels were recorded to be 22.2
hrs cow-1 year-1 resulting in grass measurement practices equating to approximately 2%
of annual labour. It must be considered that these figures have most likely increased in
recent years, as this study was conducted between 2015 and 2016, just after the abolition
of the milk quota. Since then the emphasis on pasture measurement has increased, in
response to increasing stocking rates and outputs on Irish dairy farms. Conversely, uptake
in grass measurement practices by Irish farmers has been slow. The national farm survey
states that there are currently 15,916 dairy farmers in Ireland (Teagasc, 2018).
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Approximately 5,000 farmers are signed up to PBI, with 40% of those uploading
measurement data on a regular basis. It is further estimated that 25% of PBI users are
using the RPM for regular pasture measurement. Beef Farmers make up less than 5% of
those registered with PBI (M O’ Leary, personal communication, March 21, 2019). In
light of these numbers, it is clear that very few farmers are measuring grass regularly and
an even smaller percentage of farmers are using the RPM. One significant reason for this
may be the additional labour and time costs associated with grass measurement. A
behavioural study by Hall et al., (2019) in Tasmania reported that farmers cited a lack of
confidence in accuracy and regarded measurement time and effort as major barriers to
adoption of measurement tools for pasture management.

2.3.3.2 Conventional pasture sampling protocols
There is no definitive protocol for objective pasture sampling or measurement on Irish
pastures. Even though the RPM is one of the most common methods used for grass
measurement, no definitive measurement protocol has been developed for it.
Measurements are typically carried out 25 - 50 times, depending on the desired level of
accuracy, in transects and/or ‘lazy W’ or ‘X’ patterns throughout a paddock as seen in
Figure 2-6 (Cayley and Bird, 1996; Sanderson et al., 2001; Thomson et al., 1997).
Performing measurements in this manner leaves scope for operator subjectivity, resulting
in estimates of HM that may be prone to bias, as previously discussed.
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Figure 2-6 Illustration of (a) ‘lazy W’ and (b) ‘X’ transect pasture measurement patterns on a
Moorepark paddock (1 ha), with orange circles indicating measurement locations (n = 20) and blue
dashed line outlining the measurement route

The requirement for the development of a universal pasture sampling methodology to
reduce operator bias and to give more precise representations of the spatial variation
within measured paddocks has long been stated (Defrance et al., 2004; Earle and Mc
Gowan, 1979; Jordan et al., 2003). An established research method for estimating HM in
pasture was developed by Haydock and Shaw (1975) in Australia. This method relied on
a double sampling technique, where 5 quadrat cuts of representative areas within a pasture
were harvested and used as standards to calibrate an observers visual estimations.
Additional visual estimations were then scaled from these standards. This method was
effective at quantifying heterogeneity, but there was large scope for operator subjectivity
when selecting sample locations and carrying out visual estimations. O’ Sullivan et al.,
(1987) presented a combined technique of quadrat cuts and RPM measurements with the
aim of reducing the number of herbage cuts required (by 50%) to accurately predict ‘true’
HM for research purposes on Irish PRG pastures. Thomson et al., (1997) outlined the
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need for HM measurement protocol standardisation between dairy research centres in
New Zealand and recommended that the RPM could be used to standardise measurement
across farms. This study recommended that 50-80 RPM measurements be taken per
paddock, without defining paddock area, and did not discuss how measurements should
be distributed within a paddock. Similarly, Lile et al., (2001) recommended that at least
50 RPM measurements should be taken on PRG/WC dominant pastures in New Zealand,
but did not stipulate a measurement pattern. Nakagami (2016) developed a method to
assess HM in Japanese pastures by sampling just two areas per paddock, with the aim of
reducing time and labour requirements. The selected measurement areas corresponded to
the areas of observed highest and lowest HM within a paddock. Up to 10 RPM measures
where performed at each area and the average estimated HM was then scaled using
simulated correction factors to estimate mean HM throughout the paddock. When this
method was tested in the field, approximately half of the estimates where within 20% of
‘true’ mean HM, which was derived from extensive random sampling. Hutchinson et al.,
(2016) prototyped a pasture sampling protocol for the RPM in the form of a decision tree
that could be easily understood by farmers. This outlined the required number of RPM
measurements in relation to an operators desired level of precision. Prior to measuring,
farmers were required to visually estimate a pasture to determine whether HM was >
2,000 kg DM ha-1 and then select their desired level of measurement accuracy. The
protocol then outlined a relevant measurement rate for the pasture based on a depreciating
exponential relationship as shown in Figure 2-7. This relationship was developed by
simulated retrospective sampling reduction of intensively measured paddocks.
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Figure 2-7 Depreciating exponential relationship between sample rate and estimated herbage mass
standard deviation, calibrated by Hutchinson et al., (2016). The solid line represents a simple random
sampling strategy and the dashed line random stratified sampling.

Similar relationships between grass sampling rate and error have been reported for
herbage cuts by Jordan et al., (2003) and for the RPM by O’ Sullivan et al., (1987) on
Irish PRG swards. This form of relationship can be modelled using a power function curve
as in Eqn. (2-11):

𝑦 = 𝑎𝑥 𝑏

(2-11)

where 𝑦 is the measurement SD (error), 𝑥 is the measurement or sampling rate, 𝑎 and b
are constants.
Jordan et al., (2003) conducted a study to investigate an optimum sampling protocol for
HM sampling of silage fields to enable yield mapping of spatial heterogeneity. The study
outlined an optimum sampling number and pattern based upon retrospective analysis of
a blanket sampling regime carried out on an individual field over a number of years. It
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was recommended that a sampling rate of 7 quadrat cuts ha-1, taken in an equilateral
triangular pattern at a distance of 35.4 m between each sample location, was sufficient to
estimate ‘true’ mean HM to within 5%.

2.3.3.3 Random stratified sampling
Random stratified sampling involves dividing the target measurement domain into several
equally sized strata and then assigning an equal number of samples randomly within each
stratum. This allows for a more efficient distribution of samples within the domain in
comparison with simple random sampling and average spatial variation within and across
strata can be estimated without bias, as seen in Figure 2-8 (Cayley and Bird, 1996;
Delmelle, 2009; Webster and Lark, 2012b).

Figure 2-8 Illustration of (a) simple random and (b) random stratified sampling pasture
measurement patterns on a Moorepark paddock (1 ha), with orange circles indicating measurement
locations (n = 20) and grey dashed lines outlining strata divisions
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Several studies have suggested the use of random stratified sampling for grazing trials in
research as it can achieve a non-biased and spatially balanced coverage of a pasture.
However, random stratified sampling is difficult to implement at farm level due to
constraints on time and resources (Cayley and Bird, 1996; Hutchinson et al., 2016;
Mannetje, 2000). Hutchinson et al., (2016) discovered that random stratified sampling
achieved lower levels of error when estimating ‘true’ mean HM using the RPM in
comparsion with random and transect sampling on dairy pasture in the New Zealand hill
country, as seen in Figure 2-7. Furthermore, random stratified sampling enables pasture
heterogeneity to be estimated in a more spatially balanced manner than simple random
sampling. Within strata variance can be calculated as per Eqn. (2-8) and the combined
pasture variance can then be determined using Eqn. (2-12):

𝑘

1
𝜎 = ∑ 𝜎𝑘2
𝑘

(2-12)

2

𝑘=1

where 𝑘 is the number of strata, 𝜎𝑘2 is the variance of the 𝑘𝑡ℎ strata and 𝜎 2 is the combined
pasture variance.
The implementation of a robust sampling protocol in conjunction with GPS technology
enables the use of geostatistical procedures such as Kriging interpolation, which can be
used to develop parameter heat maps of a pasture for spatial analysis and PA applications.
Kriging interpolation is a method of interpolating parameter values at un-sampled
locations using weightings from nearby known values (Delmelle, 2009; Webster and
Lark, 2012b).
To the author’s knowledge no definitive pasture sampling protocol exists that
incorporates objective, spatially balanced and geo-referenced sampling methods, which
can be practically implemented at farm level. There is significant scope for such a
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protocol to promote more precise measurement of pasture quantity and quality and in turn
increase farmer decision making capabilities.

2.4 Near infrared spectroscopy
The following sections describe the process of near infrared spectroscopy (NIRS) as used
for grass quality analysis and include sections on: 1) the fundamentals of NIRS, 2) the
principles of NIRS light absorption, 3) a detailed description of NIRS spectrometers, 4)
NIRS analysis of grass and 5) a description of the chemometric process for modelling
grass quality parameters.

2.4.1

Fundamentals of near infrared spectroscopy

Grass quality analysis by means of NIRS can be classified as either destructive or nondestructive. Traditional NIRS methods required removal of herbage samples from the
field and pre-processing of the samples prior to analysis. More recent NIRS developments
have focused on reducing the need for sample pre-processing and even the requirement
for removal of herbage samples from the field. The latter can be performed by means of
in-situ or portable NIRS analysis (section 2.5.2.1). The main advantages of NIRS are that
it is a more rapid analysis technique (using minimal labour) and it has no chemical input
requirements

compared

with

traditional

wet

chemistry

analysis

procedures.

Disadvantages include the initial cost of purchasing an NIRS spectrometer and its reliance
on chemometric modelling techniques, which are prone to error. A significant
disadvantage of NIRS is that quality predictions are largely dependent on the precision of
reference wet chemistry analysis carried out as part of the chemometric modelling process
(Blanco and Villarroya, 2002; Deaville and Flinn, 2000).
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The term spectroscopy refers to the study of the relationship between matter and energy,
in particular the absorption of light energy by molecular vibration within matter
(Wachendorf and Dale, 2016). Light energy is electromagnetic radiation that is comprised
of energized particles known as photons, which travel through space in electromagnetic
waves. Near infrared (NIR) light energy has characteristic wavelengths ranging between
approximately 700 – 2500 nm on the electromagnetic spectrum (NIRS Forage and Feed
Testing Consortium, 2008; Posudin, 2007), as indicated in Figure 2-9.

Figure 2-9 The electromagnetic spectrum with the near infrared region highlighted. Figure sourced
from (BBP, 2020)

Near infrared spectroscopy analysis measures the absorption rates of low energy infrared
light radiation within matter, which are then used to quantify the chemical constituents of
said matter by means of empirical modelling methods, referred to as chemometrics
(section 2.4.5). NIRS is a well-established method of rapidly analysing forage quality
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within the agri-food industry for parameters such as DM, CP, ME, DMD, DMI and WSC
(de Boever et al., 1995; Deaville and Flinn, 2000; Lahart et al., 2019; Norris et al., 1976).

2.4.2

Near infrared light absorption

The absorption of NIR energy within matter is caused by the rotational and vibrational
movement of electron excitations between molecular bonds, referred to as overtones. All
atoms within a molecule are in a constant state of vibration at a particular frequency,
which is dependent on the composition of that molecule. When NIR light comes into
contact with a with a molecule whose inter molecular vibration is at an equal frequency
to that of the NIR light, the light is absorbed and the energy level of the vibration is
increased (Posudin, 2007). Individual molecular components within matter have
characteristic absorption rates (overtones) that can be identified when a spectrum of NIR
light waves of varying length is transmitted through a substance (Wachendorf and Dale,
2016). The quantity of a chemical constituent within matter may be defined by Beer’s
law, which states that the absorption of NIR light is proportional to the concentration of
a constituent (Tasumi and Sakamoto, 2015). Hydrogen (H) molecular bonds such as OH, N-H and C-H are most apparent in NIR spectroscopy, as H is the lightest of all atoms.
Therefore, H bonds vibrate easily and absorb more light energy (Blanco and Villarroya,
2002). Quantum mechanics restrict the vibrational movements of bonds between atoms
to changes in length referred to as stretching, or changes in directional angle known as
bending (Figure 2-10).
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Figure 2-10 Examples of bending and stretching vibrational movements within molecular bonds.
Figure sourced from (Stuart, 2004)

When vibrational energy is passed and shared between more than two atoms both
stretching and bending can occur in what is known as a combination, these occur in the
higher NIR region between 1900 – 2500 nm (Blanco and Villarroya, 2002). Identical
overtones occur at multiples of the same fundamental frequencies. The fundamental
frequencies are found in the mid-infrared region and their overtones are observed in the
higher energy NIR region (Agelet and Hurburgh, 2010; Davies, 2005). Overtones from
different H bonds occur at different frequencies or positions on the spectra, which enables
particular bonds to be identified and in turn quantitative analysis carried out on a
particular constituent. The fundamental frequency of the O-H molecule is 2800 nm with
the first overtone occurring at approximately 1400 nm and the second at 1000 nm. The
molecule N-H, which is related to CP has a fundamental frequency at 2900 nm with first
and second overtones occurring at 1500 nm and 1000 nm, respectively. Combinations for
both N-H and O-H overtones occur between 2000 – 2200 nm. Molecules indicating the
presence of water are of particular interest in determining the DM percentage of
agricultural products and overtones that distinguish water molecules can be found in the
following spectral regions: 760, 970 and 1180 nm; with combinations present at 1940 nm
(Posudin, 2007; Stuart, 2004). Combination overtones at 2055 nm and 2180 nm occur as
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a result of N-H molecules, which are present in amide structures within protein and are a
clear indicator of CP content. However, these overtones are frequently overshadowed by
O-H combination overtones caused by the presence of moisture at the same frequency
(Deaville and Flinn, 2000). Overshadowing of overtones caused by high spectral
absorption of moisture molecules causes significant issues regarding the analysis of fresh
forage (section 2.4.4).

2.4.3

The near infrared spectrometer

Conventional NIR spectrometer systems comprise of a light radiation source, sample
compartment, light wave selection system, detectors and a computational processing
package. Mononchromator spectrometers can transmit a wide range of light frequencies
on to samples by means of a diffraction grating and have numerous applications, in
comparison with discrete spectrometers which incorporate light emitting diodes (LED’s)
that are pre-tuned to selected frequency bands for specific applications. Discrete
spectrometers are typically more robust and compact, which make them more suitable for
field work (Blanco and Villarroya, 2002; Deaville and Flinn, 2000).
Two frequently used lab based NIRS methodologies are transmission and reflection.
Transmission involves emitting light radiation through a sample to a detector, which is
positioned on the opposite side of the sample. This methodology is more commonly used
for analysis of liquids. Reflection spectrometers are more commonly used for analysis of
solids and the detector is on the same side as the light source. Light radiation penetrates
the sample and is scattered within the analyte matter, a quantity of NIR light is absorbed
and the remainder is reflected back out of the sample to the detector. This process is
known as diffuse reflectance and is illustrated in Figure 2-11. A quantity of NIR light
reflects directly off the sample surface by means of specular reflection, however, its angle
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of reflection is equal to that of the incident light and it is not important for NIRS analysis
(Agelet and Hurburgh, 2010; Takayanagi, 2015). NIRS reflectance has been proven to be
more suited to agricultural applications in comparison with transmission, as it is more
capable of analysing denser materials and scanning a broader range of wavelengths.
(Agelet and Hurburgh, 2010; Kays et al., 2005).

Figure 2-11 Schematic of diffuse reflectance spectrometry process. Figure sourced from (NIRS
Forage and Feed Testing Consortium, 2008)

The NIR light source is typically a tungsten halogen light bulb. Prior to monochromatic
light hitting a sample analyte, wavelength filtering is carried out by a diffraction grating
that separates polychromatic light into individual wavelengths at 2 nm intervals for
quantitative analysis. The analyte is held in a silica or quartz sampling cell, which is
transparent to NIR light (Agelet and Hurburgh, 2010). The analyte is typically preprocessed by means of drying and milling using established laboratory procedures to
ensure homogeneous particle characteristics. The physical and chemical characteristics
of the analyte can have a significant bearing on the spectral data recorded. Norris and
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Williams, (1984) illustrated the effect that particle size had on spectral data and how this
could lead to error in prediction of chemical constituents.
Absorbed NIR light cannot be measured directly, instead the diffuse reflected light from
the sample is measured and absorbed light is plotted as the inverse log of the reflected
light (section 2.4.5). The reflected NIR light is recorded by detectors that convert light
wavelength energy into digital information, which can be processed by software.
Detectors are commonly made from Silicon (Si), Indium Gallium arsenide (InGaAs) or
Lead Sulfide (PbS). The electric signal produced by a detector should be linearly
correlated to the light radiation that it receives. Poor correlation is a result of instrument
noise and negatively impacts on results. This is referred to as photometric linearity and is
used to distinguish extraneous noise effects caused by ambient or stray light leakage
around the sample, or specular light reflected from the sample surface. The sample
scanning phase of the spectroscopy process is the largest source of unexplainable spectral
noise, which can only be reduced by pre-processing the resulting digital data prior to
chemometric analysis (section 2.4.5.3). A number of spectra from the same sample can
be averaged to improve the signal to noise ratio (SNR). A large SNR is required to enable
accurate chemometric modelling. (Agelet and Hurburgh, 2010; Stark and Luchter, 2005;
Takayanagi, 2015).

2.4.4

Grass analysis by near infrared spectroscopy

Near infrared analysis of dried and milled forage samples has become well established
over the past number of decades and has helped to reduce the time and cost of determining
the quality of concentrate animal feed (Norris et al., 1976). More recently, NIRS quality
prediction calibrations have been derived for dried and milled grass for research purposes,
such as identifying desired traits for different grass varieties. Jafari et al., (2003)
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confirmed that NIRS could be used as a rapid and cost effective method for evaluating
the quality parameters of OMD, CP and WSC for PRG on Irish grasslands. More recent
studies by Burns et al., (2013) and Burns et al., (2014) developed NIRS calibrations to
evaluate quality traits for a range of PRG varieties on Irish grasslands, achieving high
correlations (R2 > 0.8) for quality parameters DMD, WSC and CP. Likewise, Wilkinson
et al., (2014) developed similar NIRS calibrations to assess variations in pre-grazed
herbage quality in the UK. Míka et al., (2003) predicted OMD and CP values in Czech
grass legume mixed swards, reporting satisfactory levels of accuracy (R2 > 0.7).
More recent research has focused on applying NIRS to predict quality parameters of fresh
forage, with the aim of further reducing laboratory workloads by eradicating the need for
sample pre-processing. Moreover, pre-processing procedures involving sample grinding
and drying can have detrimental effects on sample composition prior to analysis (Alomar
et al., 2003). Spectroscopic analysis of fresh forages and grasses is largely restricted by
the high presence of moisture, which results in large spectral peaks that overshadow
spectral identifiers for numerous quality traits, such as CP (Alomar et al., 2003; Deaville
and Flinn, 2000; Feuerstein and Paul, 2007; McClure et al., 2002; Reddersen et al., 2013).
Despite this, breakthroughs have been made with regard to NIRS analyses of fresh forage
using conventional NIR instruments. A number of studies have highlighted the
capabilities and restrictions of NIRS with regard to predicting a range of quality
parameters of un-dried silage (Gordon et al., 1998; Park et al., 1998; Sinnaeve et al., 1994;
Thomson et al., 2018). Thomson et al., (2018) investigated if a pre-existing fresh grass
silage NIRS calibration could predict quality in grass clover silage samples in the UK.
This study found that some parameters such as DMD could be predicted with acceptable
accuracy, however, bias for parameters such as CP increased with clover content and
clover specific calibrations performed better. Similarly, Míka et al., (2003) illustrated the
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importance of developing region and sward specific calibrations for accurate NIRS
prediction. McClure et al., (2002), demonstrated that NIRS could be used to predict the
N content of fresh grass for environmental management purposes. However, this study
further noted the degrading effect that the high presence of moisture had on calibration
and validation results. The overshadowing effect of moisture has been reported by several
similar studies on CP analysis of fresh grass (Feuerstein and Paul, 2007; Lobos et al.,
2019; Reddersen et al., 2013).
More contemporary research has focused on developing NIRS calibrations for fresh grass
pasture quality determination. Alomar et al., (2009) concluded that reflectance NIRS
could accurately predict the compositional components, including DM (R2 = 0.99) and
CP (R2 = 0.91), of a variety of fresh grass swards in Southern Chile. A large rectangular
forage sampling cell was used in that study to present a greater surface area of each sample
for NIR scanning, to counteract particle heterogeneity. Dale et al., (2017) developed fresh
grass NIRS calibrations to investigate optimum sampling and storage techniques, with
the aim of reducing respiration and proteolysis effects on sample quality parameters prior
to laboratory analysis. This study was conducted on Irish PRG dominant pastures and
reported R2 values of 0.92, 0.90 and 0.79 for DM, N and WSC, respectively; however, no
further calibration details were published. Lobos et al., (2019) reported good prediction
performance (R2 ≥ 0.84) of fresh grass NIRS analysis for the parameters DM and CP, in
comparison with low prediction performance (R2 ≤ 0.78) for DMD, OMD, NDF and WSC
in Chilean permanent pasture. A summary of the accuracy of the most relevant NIRS
calibrations for grass quality can be found in Table 2-1. To the author’s knowledge, there
is no published fresh grass NIRS calibration for PRG dominant Irish pasture. The
development of rapid NIRS calibrations to predict fresh grass quality would significantly
reduce laboratory labour, inputs and cost. Furthermore, fresh grass NIRS would enable
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more precise grassland and feed management decisions to be made on a daily basis. Rapid
and precise NIRS analysis of fresh grass would be of considerable practical benefit for
grass-based livestock industries. For example, on grass-based dairy farms, the quality of
grass can vary significantly throughout the year depending on factors such as climate,
season and sward structure. These variations can affect milk yield and quality on a daily
basis (section 2.2.6). Wilkinson et al., (2014) recommended that pasture samples should
be analysed on a weekly basis to adjust feed and management decisions in accordance
with fluctuations in herbage quality.

Table 2-1 Summary of most relevant NIRS grass quality calibrations
Study

Analyte

Species

Region

Parameters

Sample
no.

R2

Error
(g kg-1)

RPD

Lobos et
al.,
(2019)

Fresh
grass

Permanent
pasture

Chile

DM, CP

915

0.93,
0.84

11.3, 22.2

3.7,
2.5

Parrini et
al.,
(2019)

Fresh
grass

Natural
pasture

Italy

DM, CP

100

0.87,
0.88

2.75, 2.14

2.75,
2.26

Bonnal et
al.,
(2013)

Fresh
grass

Mixed
swards

France

CP

103

0.93

1.55

1.97

Alomar
et al.,
(2009)

Fresh
grass

Mixed
swards

Chile

DM, CP

107

0.99,
0.91

6.55, 18.4

7.15,
3.69

McClure
et al.,
(2002)

Fresh
grass

Fescue

USA

N

31

0.88

6

-

Park et
al.,
(1998)

Fresh
grass
silage

-

Ireland

DM, N

136

0.85,
0.78

23.3, 28.1

-,
4.8

Burns et
al.,
(2014)

Dried &
milled
grass

PRG

Ireland

CP

2076

0.98

5.1

-

Jafari et
al.,
(2003)

Dried &
milled
grass

PRG

Ireland

CP

153

0.96

6.8

-

PRG = perennial rye grass, DM = dry matter, CP = crude protein, N = nitrogen, R 2 = coefficient of determination, Error = standard
error of cross-validation, standard error of prediction or root mean squared error depending on study, RPD = ratio of percent deviation,
‘-‘ = denotes where data was not published as part of study
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2.4.5

Chemometric modelling for near infrared spectroscopy

Chemometrics refers to the application of statistical modelling to chemical measurements
(Kowalski, 1980). The process involves extracting quantitative and qualitative data from
the broad and overlapping absorption peaks of an NIR spectra. This is done by cross
referencing NIR absorption data with reference laboratory data to create a prediction
calibration. Calibrations are based upon the linear relationship between absorbed light in
an analyte and the concentration of a chemical constituent of interest, in accordance with
Beer’s law (section 2.4.2). The analytical results from an NIRS scan are plotted in a
spectra, with wavelength bands of NIR light on the x axis and absorption (1/reflectance)
on the y axis. Figure 2-12 is an example of an NIR spectrum of fresh grass with distinct
moisture absorption peaks at approximately 1450 nm and 1900 nm, caused by O-H
overtones and combination overtones (section 2.4.2). After NIR scanning of an analyte is
performed, recorded absorption rates at specific wavelength bands are modelled against
reference wet chemistry data for the constituents of interest. This process is repeated for
a set of samples that represent the widest range of variation in the constituents of interest,
in order to develop a robust NIRS prediction model (Takayanagi, 2015).
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Figure 2-12. NIRS spectrum of a spectral dataset (n > 1366) for fresh grass with distinct moisture
absorption peaks at 1450 nm and 1900 nm Figure sourced from Murphy et al., (2019b)

2.4.5.1 NIRS sample selection
The accuracy of a NIRS prediction model is primarily based on two principles, firstly the
accuracy of the reference method used and secondly, the natural variation accounted for
within the sample population of the calibration dataset. Generally larger calibration sets
result in more robust NIR prediction calibrations, however accounting for the natural
variation of a constituent is more important. Two of the main sources of variability
between samples are particle size and moisture content. According to Fearn (2005)
selecting an adequate representative sample set is more important than any of the
calibration methods employed thereafter. Calibrations for agricultural purposes, such as
feed analysis, will typically require large sample sets collected over a number of years to
allow for seasonal and climatic variations. As a result of this, budget and sample
availability are typically the curtailing factors when creating calibration datasets for
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agricultural NIRS. One indicator of a durable calibration dataset is a bell shaped curve of
the distribution of constituent reference values; this ensures that samples with either
higher or lower constituent concentrations do not receive any bias within the calibration
(Agelet and Hurburgh, 2010).

2.4.5.2 Reference methods for NIRS calibration
Results of Coates (2002) have shown that it is possible for NIRS to have higher analytical
precision than that of references laboratory methods. That study analysed N content in
samples of forage, with deliberate error introduced, using both wet chemistry and NIR.
The NIRS calibrations used were found to mitigate extremities caused by error recorded
in the results and give more accurate predictions than that of reference analysis.
Conversely, it is not possible to develop accurate and robust NIRS calibrations without
precise reference analysis (Deaville and Flinn, 2000).
2.4.5.3 NIRS spectral pre-processing
Pre-treatments are typically carried out on raw spectral data prior to undergoing
chemometric modelling, to filter out relevant spectral information from spectral and
background noise (Agelet and Hurburgh, 2010). Firstly, spectral data can be preprocessed by scaling each individual spectra so that they have an equal weighting on the
final calibration, thus reducing the potential for error and bias towards noisy data caused
by light scattering. This is done by dividing each spectra by its own standard deviation.
One common form of scaling is standard normal variate (SNV), where each spectra is
scaled to have a mean equal to zero and a standard deviation of 1. Multiplicative scatter
correction (MSC) is another form of scaling that averages and regresses each individual
spectra against the overall average spectra by partial least squares. Both methods can lead
to similar outcomes and can lead to noticeable differences in principle component
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analysis (PCA) score plots. MSC tends to segregate outliers more at plot extremities,
while SNV has a more characteristically curved PCA plot. Scaling can be detrimental if
there is a large amount of redundant data in the calibration set, as it will give all spectral
data equal weight and therefore skew the final calibration. However, the accuracy of
reflectance NIR data can be considerably enhanced by using SNV and MSC, as both
methods have the ability to significantly reduce light scattering noise effects. Conversely,
excessive pre-treatment can lead to the loss of relevant data that will in turn reduce the
robustness of the final calibration and care must be taken to ensure relevant data is not
lost (Agelet and Hurburgh, 2010).
The second spectral pre-processing step is curve smoothing, which is performed by fitting
a polynomial function using the method of least squares to a set of spectral data points,
known as a window. Curve smoothing can be achieved by a method known as detrend
(Alomar et al., 2009; Burns et al., 2014; Thomson et al., 2018). This is carried out in order
to reduce noise by eradicating excess data points from each spectra. Reducing the size of
the window and increasing the order of the polynomial leads to a greater smoothing effect.
However, this further increases the amount of data omitted from the model, which raises
the potential risk of losing relevant data and in turn negatively affecting the calibration.
Spectral smoothing is sometimes necessary prior to differentiation to reduce the risk of
spectral noise being amplified, thus creating false peaks (Agelet and Hurburgh, 2010;
Ochiai, 2015; Rinnan et al., 2009).
Thirdly, differentiation of the fitted polynomial function can be employed to identify
overlapping peaks and to make local maximum and minimum points more detectable.
The derivative is computed for a polynomial curve fitted to the data points situated
between a specified wavelength range, referred to as a gap. The first derivative reduces
base line shift across all wavelengths and standardizes the baseline absorption rates
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making spectral peaks and troughs more comparable. The second derivative coverts local
maxima peaks into minima peaks below the base line, which is flattened. This allows
quantitative analyses to be applied directly to peak intensity. An increased number of
turning points are made distinguishable on the spectra by the second derivative, but this
is coupled with increased noise at both ends (Agelet and Hurburgh, 2010; Davies, 2007;
Rinnan et al., 2009). Norris and William (1984) showed how the second derivative
normalized spectral data and removed the effect of heterogeneity in particle size in wheat
samples, concluding that the inclusion of a wide variation of particle size in a prediction
calibration improves its versatility and accuracy.

2.4.5.4 NIRS calibration development
A range of modelling techniques exist that may be used to calibrate spectral and reference
analysis data to form a NIRS calibration model including multiple linear regression
(MLR), principle component regression, partial least squares (PLS) regression and
machine learning (ML). This section will focus on the more established regression
techniques used for chemometric modelling, whereas ML will be discussed in more detail
in section 2.6.3.
The MLR method (section 2.6.2) may be used to model spectral data but it is limited due
to the high dimensionality of NIR datasets, which cause problems with regard to
overfitting (Grossman et al., 1996). High dimensionality refers to the presence of a greater
number of independent variables (wavelength bands) compared with observations
(absorption rates) within a dataset. Moreover, neighbouring wavelength bands can be
highly correlated with each other resulting in high multicollinearity (section 2.6.5.3),
which causes further problems for MLR analysis. One means of overcoming these issues
is by using PCA. The main advantage of PCA is that it reduces the number of independent
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variables in spectral datasets and can deal with co-linearity between adjacent spectra. The
first step in achieving this is to mean centre all of the spectral data using SNV or MSC
(Nørgaard et al., 2012). PCA then converts the spectral data set into reduced dimensional
principle components (PCs), which explain the variation within the data using an
orthogonal scale. The first PC represents the majority of the variation in the dataset and
then subsequent PCs represent descending levels of variation. This results in wavelength
variables being broken down into PC’s that are uncorrelated (Agelet and Hurburgh, 2010;
Robert et al., 1986). The PC values can be graphically represented on a PCA score plot,
where variation within the dataset can be easily observed and potential outliers can be
more clearly identified. The PCs can be regressed against reference values to create
chemometric models by means of principle component regression (Robert et al., 1986).
However, PCA has become more established as a method of detecting outliers to be used
in conjunction with modified partial least squares regression (MPLS) (Alomar et al.,
2009; Burns et al., 2013). Similar to PCA, PLS is capable of dealing with high levels of
multicollinearity in spectral datasets by reducing the number of independent variables
into new components. Unlike PCA, PLS components are a function of both the
independent and dependent variables, such that the variances of both sets of variables are
considered along with the correlations between them. This results in higher correlations
between PLS components and dependent variables in comparison to PCA (Biancolillo
and Marini, 2018; Roussel et al., 2014; Wold et al., 2001). In MPLS both the reference
and spectral data are standardised at each wavelength prior to PLS component conversion
(Shenk and Westerhaus, 1991).
Once a NIRS calibration is constructed it must be validated prior to being deemed suitable
for implementation. Two prominent methods used for chemometric modelling are crossvalidation and full validation. Cross-validation (section 2.6.6.1) is the cheapest and fastest
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method. This method is not sufficient for full NIRS validation, although it gives an
indication of the accuracy of a calibration and whether it warrants further analysis and
full validation. Cross-validation does not account for calibration errors caused by over
fitting and a lack of variation in the calibration set. The second method is full validation,
which requires testing the calibration on an entirely new set of samples (Agelet and
Hurburgh, 2010; Fearn, 2005).
A flowchart summarising each stage of the chemometric modelling process is outlined in
Figure 2-13.

Figure 2-13 Flowchart summarising NIRS chemometric modelling process. Figure sourced from
Agelet and Hurburgh (2010)

2.5 State of the art grassland measurement technologies
This section outlines state of the art grassland measurement technologies along with the
most recent research on potential future technologies for pasture analysis. The following
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section can be divided into four subsections that cover a range of contemporary grassland
technologies including 1) terrestrial, 2) proximal and 3) remote sensing techniques,
together with 4) decision support and growth modelling data analytics. All of these new
technologies are being developed in line with the concept of PA, which aims to increase
resource efficiency, optimise management practices and reduce uncertainty regarding
pasture variation. The premise of PA is focused on the acquisition of precise field data at
a spatial and temporal scale that will capture pasture variation and enable targeted
responses, with the ultimate aim of increasing economic returns and reducing
environmental impacts (Schellberg et al., 2008). Precision technologies are a relatively
new phenomenon with regard to grassland management compared with larger more
industrial scale agri-systems, such as cropland industries (Shalloo et al., 2018). Schellberg
et al., (2008) outlined reasons for the comparatively slow uptake of PA technologies with
regard to grassland farming; the most significant included the greater diversity within
grassland in terms of the spatial variation of soil and pasture characteristics, as well as the
highly temporal dynamics of grass species (section 2.2.4). The development of new
pasture measurement technologies for measuring pasture quantity and quality has
significant scope for integration with PA technologies. Geo-tagged measurement data
integrated with GIS software could be used in conjunction with targeted variable rate
fertiliser applications, to enhance fertilisation efficiency and reduce nutrient run-off into
water courses. Moreover, this data could lead to more precise spatial analysis of sward
characteristics and ultimately lead to increases in pasture utilisation (Bernardi et al., 2016;
Higgins and Bailey, 2017; Shalloo et al., 2018).
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2.5.1

Terrestrial sensing techniques

In the context of this review, terrestrial sensing refers to sensors that interact with the
sward at (or close to) ground level; rather than proximal or remote sensing, which operates
at a distance above the sward.

2.5.1.1 Ultrasonic sensors
A recently developed ground based ultrasonic sensing technique for pasture measurement
is the Grasshopper automated RPM. This was developed by McSweeney et al., (2019)
and is used by farmers in Ireland. This device is based on the same measurement
principles as the conventional RPM (section 2.3.2.4), except that it has a number of
additional features. The Grasshopper incorporates an ultrasonic sensor (Figure 2-14) to
automatically record CSH data, along with further automated data capture and processing
features which work via a Bluetooth link to the operator’s handheld smart device.
Measurement data can further be automatically linked to an online DST to streamline
grassland management. Furthermore, the Grasshopper has in-built GPS capabilities,
enabling it to map pasture areas for more accurate HM quantification and geo-tag each
measurement. This creates scope for the incorporation of measurement data with a range
of potential PA technologies.
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Figure 2-14 Schematic of Grasshopper rising plate meter. Figure sourced from TrueNorth
Technologies (2015)

Alternatively, the use of a sensor to directly measure ultrasonic sward height (USH) has
been investigated on mixed species German swards by Reddersen et al., (2014), who
found that it predicted HM with reasonable accuracy (R2 = 0.73 – 0.76, RMSECV = 0.88
– 1.17 t DM ha-1) (RMSECV = root mean squared error of cross-validation) and was more
accurate than a number of commonly researched remote sensing techniques. The study
further found that combining USH and remote sensing data in a multi-sensor (leaf area
index and hyperspectral sensors) approach, by means of MLR, increased HM prediction
accuracy by 30%. An earlier study by Fricke et al., (2011) using the same technique on
PRG/WC dominant swards yielded similar results. That study further investigated
combining USH with GPS on a vehicle for real-time ‘on the go’ measurement and rapid
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yield mapping of pasture. Conversely, the study highlighted a number of USH
measurement limitations, including poor precision caused by the wide ultrasonic response
area and poor responses to changes in sward geometry and heterogeneity, caused by
morphological changes in sward structure. The study further outlined the potential for
combining arrays of low cost USH sensors, which could be fitted onto tractors or mowers
for cheap and minimal effort HM predictions. A similar study by Safari et al., (2016)
compared the use of mobile USH and spectral sensing with static sensing, reporting lower
prediction accuracy for mobile measurement due to positional errors caused by variation
in the ground profile. An image of the mobile sensing device used in this study can be
viewed in Figure 2-15. A more recent study by Moeckel et al., (2017) found poorer results
(R2 = 0.38 – 0.74) for predicting HM using USH on mixed species swards, reporting high
errors in mature swards as a result of patches of rejected grass left after grazing. The study
further investigated the potential for combining spectral data from spectrometers and
satellites with USH and found utilising both visible and NIR spectral data improved HM
prediction performance (R2 = 0.66 – 0.88). Apparent advantages of USH sensing for grass
measurement are that it is relatively fast, low cost and simple, with the potential for
mobile application. Conversely, limitations exist with regard to its precision as a result of
high variation in signal responses to canopy heterogeneity.
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Figure 2-15 Remotely steered GPS enabled multi-sensor grass measurement vehicle used by Safari
et al., (2016)

2.5.1.2 Capacitance sensing
The Grassmaster II has been developed in New Zealand and is the most recent iteration
of the conventional CM. A study by Serrano et al., (2011) outlined the potential of
combining the Grassmaster with a GPS receiver to yield map Mediterranean pasture for
site-specific management. A more long term study resulted in a clearer indication of the
precision of this instrument and discovered that it had a RMSE of 647 kg DM ha-1 when
measuring HM in high moisture content swards (DM < 20%) (Serrano et al., 2020). This
level of accuracy would not be sufficient for optimum pasture management on Irish
swards; these results are not surprising considering there is minimal change in the
measurement principles of this system compared to the conventional CM (section
2.3.2.3).
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2.5.1.3 Sward height light sensing
Another ground sensing device for predicting HM is the C-DAX Pasturemeter (Figure
2-16), which has been developed in New Zealand within the last decade. The C-DAX is
mounted on wheels and is designed to be towed behind a quad bike at approximate speeds
of 20 km/h. This device measures pasture height using light emitting and sensing
photodiode arrays, which emit light beams. As the C-DAX is towed through the pasture
the standing height of the pasture breaks the light beams and the sensors record the height
of the pasture.

Figure 2-16 (a) Illustration and (b) cross section schematic of the C-DAX Pasturemeter. Figure
sourced from C-DAX (2016)

Despite reports that measuring pasture standing height has notable limitations with regard
to predicting HM in comparison with the RPM (section 2.3.2), the C-DAX has a number
of alternative advantages over the RPM. The C-DAX can acquire much more data (200
measurements per second) in a more rapid manner than the RPM without the need of
walking (Lawrence et al., 2007; Rennie et al., 2009). Furthermore, King et al., (2010)
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determined that the C-DAX recorded similar accuracies to the RPM over a range of
pastures in New Zealand throughout a single grazing season. Results in terms of RMSE
ranged between 576 - 655 kg DM ha-1 for the C-DAX and 441 – 552 kg DM ha-1 for the
RPM. Oudshoorn et al., (2011) discovered that the C-DAX predicted HM to within
acceptable accuracy (R2 = 0.76) on Danish PRG/WC swards. Likewise, Schori (2015)
reported comparable results for the C-DAX and RPM on Swiss mixed swards over three
grazing seasons, although prediction error was slightly higher for the C-DAX (SE = 311
kg DM ha-1) compared with the RPM (SE = 285 kg DM ha-1). The C-DAX also has inbuilt GPS geo-tagging capabilities, which have been utilised to generate yield maps for
targeted pasture management applications (Dennis et al., 2015). Despite these advantages
the C-DAX has not become a regularly used pasture measurement tool in Ireland and to
the authors knowledge there have not been any studies on this device on Irish swards.
This may be associated with the poor results for HM prediction using standing sward
height measurement in comparison with CSH measured by RPM, which has been
reported by several studies (section 2.3.2.2). This has led to the perception that predicting
HM by measuring standing sward height is not as accurate as CSH because it is not as
sensitive to sward density, as outlined by Shalloo et al., (2018). The rapid data acquisition
capabilities and the potential to reduce grass measurement labour are the main benefits of
the C-DAX, which may warrant research into similar systems on Irish pastures. These
benefits have the potential to promote more frequent grass measurement on Irish farms
by reducing the laborious nature of performing a farm survey; however a long term study
to evaluate the C-DAX’s precision on Irish pasture is required.

81

Literature Review
2.5.1.4 Autonomous ground vehicles
An autonomous ground vehicle (AGV) works within close proximity to the ground in a
remote manner. Research into these vehicles for PA applications has predominantly been
focused on the arable sector. A more recent novel modification of the previously
discussed C-DAX is a proposed pasture robot currently under development in New
Zealand (Manderson and Hunt, 2013). The concept combines an AGV with the C-DAX
system; the robot is designed to autonomously navigate from a central charging station to
a paddock and traverse the pasture using a pre-programmed sampling strategy. This
system has the ability to capture a high frequency of measurements without any labour
input. The entire area of a 2 ha paddock could be sampled for field mapping purposes
within 5 hrs, or a representative area of the same paddock could be sampled for basic
grassland management purposes in under 30 minutes. Potential for fitting soil sampling
and grass quality sensors to this system is also being considered. Gobor et al., (2015)
proposed a similar pasture robot system for use on German pastures. Their concept further
incorporates a mulcher system on the robotic platform (Figure 2-17), so that areas of
rejected pasture identified by a sward height sensor on the robot can be mulched to
encourage the regrowth of high quality pasture. Likewise, areas of poor HM could be
treated with a seeder that could be further incorporated on the proposed robotic rover
platform. Sampling protocol design would need to be a significant consideration with
regard to the potential use of AGV’s for pasture measurement. The design of optimum
AGV sampling protocols for pasture measurement would need to be in line with the
sampling principles previously discussed in section 2.3.3. However, a significant
advantage of an AGV system would be that measurement labour and time do not place
the same level of constraint on protocol design.
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Figure 2-17 Pasture robot system concept proposed by Gobor et al., (2015) incorporating mulcher
and seeder

2.5.2

Proximal spectrometers

Proximal sensors operate within 2 m of the soil surface, as defined by Viscarra Rossel et
al., (2011). Within the context of this review, proximal sensors are considered as sensors
that operate at a distance within 2 m above the sward canopy, as opposed to terrestrial
sensors that operate at sward level.

2.5.2.1 Portable NIRS
In the past two decades NIRS technological developments in the area of diode array
spectrometers and micro-electric-mechanical-systems (MEMS) have allowed new
possibilities regarding real-time analysis of fresh forage in the field (Berzaghi et al., 2005;
Teixeira Dos Santos et al., 2013). Research into portable NIRS applications in recent
years has been more focused on the food and arable industries, with a range of devices
currently available on the market. Portable spectrometers have numerous advantages over
lab based systems including, in-situ measurement, lower costs, real-time results and non83
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destructive sampling. However, portable NIRS has noted limitations regarding light
noise, particle size and moisture effects (Teixeira Dos Santos et al., 2013).
Portable NIRS spectrometers, often referred to as online spectrometers, have been
developed for the purpose of predicting fresh grass quality for applications such as realtime forage analysis during harvesting and grass breeding programmes. A high speed and
durable online spectrometer was developed by a conglomerate of grass breeding
companies, researchers and manufactures in Europe (Feuerstein and Paul, 2007). This
NIRS sensor was capable of predicting DM of fresh grass in real-time and was built into
a plot harvester. The sensor was designed to scan grass as it was harvested, thus increasing
the speed and efficiency of analysis by eradicating the need for laboratory assessment.
The system was deemed sufficiently accurate for early stage comparative breeding
purposes with a R2 of 0.73 for DM in relation to wet chemistry analysis. One significant
issue with the high speed robust diode array NIRS sensors utilised by this system was that
they used Indium Gallium Arsenide detectors that cover a shorter wave length range (750
– 2200 nm) than the conventional lead sulphide detectors typically used for bench top
applications, which can cover ranges up to 2500 nm (section 2.4.3). This curtailed the
level of spectral information that could be gathered by the portable sensors. Prediction of
CP and WSC was also assessed, although preliminary analysis outlined that prediction
error was much higher for the online sensor (SECV = 0.99 g kg-1 DM, SECV = 1.73 g kg
DM-1) (SECV = standard error of cross-validation) compared with a bench spectrometer
(SECV = 0.40 g kg-1 DM, SECV = 0.52 g kg DM-1). Studies have reported significant
limitations for portable NIRS caused by the high presence of moisture when analysing
fresh grass in the field (Feuerstein and Paul, 2007; Reddersen et al., 2013). The
overshadowing effects of moisture with regard to molecular absorption of NIR light has
previously been discussed in section 2.4.

84

Literature Review
Mendarte et al., (2010) outlined the potential for using portable NIRS to determine the
quality of standing mountain pasture in the Basque country, reporting reasonable
prediction results for DM (R2 = 0.82, SECV = 0.56 g kg-1) and CP (R2 = 0.62, SECV =
1.50 g kg-1 DM) in relation to laboratory reference analysis. Reddersen et al., (2013)
assessed the use of portable NIRS to evaluate the feed quality of mix species standing
swards in Germany and concluded that it was only capable of predicting approximate
values (R2 = 0.72, SECV = 3.9 g kg-1 DM) of N content due to the high presence of
moisture and low levels of sample homogeneity.
Another issue that constrains the development of portable NIRS applications is that many
portable spectrometers on the market are ‘closed box’ systems and researchers do not
have access to the calibration data within them (Teixeira Dos Santos et al., 2013). In
recent years, an on-line NIRS device for silage and pasture quality assessment has been
developed in the UK (NIR4). The NIR4 is capable of scanning fresh pre-cut grass and
uploading the spectral data to the users hand held smart device for rapid analysis, with
calibrations for parameters DM, CP, WSC and DMD (Bell et al., 2018). However, no
published data on the precision of this system could be found in the literature. A study by
Patton et al., (2018) assessed the efficacy of three portable NIRS sensors from different
manufactures to analyse quality traits of PRG swards in the North of Ireland; they
concluded that any of the instruments tested could not replicate quality predictions made
from a lab based NIRS spectrometer. There is considerable scope for portable NIRS
applications in grassland farming. However, more research needs to be performed on
environmental, moisture and sample particle heterogeneity effects to establish the
feasibility of portable NIRS.
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2.5.2.2 Hyperspectral sensing
Hyperspectral sensing (HS) has the ability to capture a wide range of spectral data ranging
from the visible to NIR light regions, which results in greater availability of data for
prediction modelling in comparison with NIRS. Devices for HS can be handled for
proximal sensing or mounted on un-manned aerial vehicles and satellites (section 2.5.3).
Disadvantages of HS include the capture of a large amount of data that is redundant for
modelling and the high cost of instrumentation (Reddersen et al., 2014). Similar to NIRS,
HS data can be used to model pasture quantity and quality using chemometric modelling
techniques (section 2.4.5). Pullanagari et al., (2012) used a HS canopy probe sensor (500
– 2400 nm) and PLS regression to predict a range of in-situ standing sward quality
characteristics on PRG/WC dominant swards in New Zealand. That study achieved
satisfactory prediction results for CP (R2 = 0.78, RMSE = 2.33 % DM), ME (R2 = 0.83,
RMSE = 0.46 MJ kg-1) and OMD (R2 = 0.83, RMSE = 4.02 % DM). However, samples
were not spread across an entire growing season and reference analysis was conducted by
lab based NIRS.
Additionally, HS enables the prediction of sward characteristics by more basic means of
spectral modelling referred to as vegetation indices (VI), which are commonly used for
remote sensing applications. One of the most used VI is the normalised deference
vegetation index (NDVI), which estimates the quantity of vegetation present by the ratio
of red and NIR light wavelengths that are absorbed by pasture photosynthesis (Shalloo et
al., 2018). Another commonly researched VI is the leaf area index (LAI), which is a
measure of the sward foliage area against ground area (Reddersen et al., 2014). Reddersen
et al., (2014) found poor results for HS prediction of HM using LAI (R2 = 0.36 - 0.44, SE
= 1.5 – 1.8 t DM ha-1), but showed that it improved prediction performance when coupled
with USH measurements. That study further investigated the use of HS imagery (350 nm
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to 2500 nm) to predict HM by mean of MPLS regression with more positive results (R2
= 0.70 - 0.89, SE = 0.66 – 0.85 t DM ha-1), but found that it was not as accurate as USH
and concluded that both LAI and HS may not be suited to HM prediction. Moeckel et al.,
(2017) discovered that normalized difference spectral index (NDSI) in combination with
USH significantly improved HM prediction (R2 = 0.52). Results for HS (305 – 1700 nm)
prediction of HM by MPLS were poor (R2 = 0.48) and limitations in HS caused by the
high presence of senescent material in the sward were observed later in the growing
season. Conversely, the study found that HS predicted HM with more precision than
USH. Ancin-Murguzur et al., (2019) found a significant correlation between HS (350 –
2500 nm) and HM on Norwegian mixed species swards (R2 > 0.55, RMSE = < 180 g m2

), but noted increased error due to environmental influences on spectral signatures

observed in cloudy and wet conditions. This study further showed that spectral data
captured in the range of 350 – 900 nm was more robust against the influences of moisture.
Pullanagari et al., (2011) found strong correlations for CP (R2 = 0.65 – 0.83) on dairy
pasture in New Zealand using HS.
Askari et al., (2019) found positive results for predicting HM (R2 = 0.88, RMSE = 160
kg DM ha-1) and CP (R2 = 0.82, RMSE = 10.0 g kg DM-1) using a handheld HS camera
(450 – 950 nm) (Figure 2-18) and PLS regression on Irish PRG swards over two growing
seasons, indicating potential for the future use of this technology on Irish grasslands.
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Figure 2-18 Hyperspectral sensing on Irish grass trial plots as part of study by Askari et al., (2019)

There are evident advantages to HS including non-destructive sampling, large sampling
area coverage, spatial variation identification and potential incorporation with
autonomous vehicles or tractor mounts. One of the main barriers to this technology is the
high cost of HS devices, but this may decrease in the near future. Furthermore, HS and
all other proximal sensing technologies still have sampling issues similar to all other
ground based measurement techniques with regard to accounting for spatial heterogeneity
within swards (section 2.3.3).

2.5.3

Remote Sensing

Remote sensing refers to all sensing techniques that operate at a distance greater than two
meters from ground level as defined by Viscarra Rossel et al., (2011); this includes
sensing methodologies that use unmanned aerial vehicles (UAV’s), manned aircraft and
satellites.
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2.5.3.1 Unmanned aerial vehicles
In the past decade there has been an increasing volume of research focused on airborne
based imagery and sensing methods for predicting grass yield and quality; such methods
have the potential to cover larger sampling areas with minimal labour requirements
compared with ground based measurement techniques. A range of remote sensing
technologies can be fixed to UAV’s, which can fly at low altitudes to obtain spectral data
at high resolutions (Rueda-Ayala et al., 2019). A study by Beeri et al., (2007) indicated
that CP and HM could be assessed to within 80% accuracy at a 10 m2 resolution for
mapping purposes, on large scale prairie pastures in the USA using a HS instrument fixed
to a manned aircraft. Rueda-Ayala et al., (2019) found weak correlations (R2 < 0.6)
between red, green, blue (RGB) wavelength sensing data and HM on PRG dominant
Norwegian swards and reported difficulties in measurement precision due to
environmental factors such as wind speed, sunlight and cloud cover. Conversely, this
study found that UAV sensing was less variable than ground sensing data. Knox et al.,
(2011) reported a poor correlation (R2 = 0.48) when aerial HS (384 – 1054 nm) and light
detection and ranging (LiDAR) data were combined to predict N on savanna pastures in
South Africa. They recommended that better predictions might be possible by using
spectral data from the short wave infrared region (1000 to 3000 nm). Capolupo et al.,
(2015) showed that UAV HS could predict sward height (R2 = 0.70 – 0.86), HM (R2 =
0.36 – 0.83) and CP (R2 = 0.56 – 0.76) on German controlled trial plots.
Multi-spectral (MS) sensors that emit light radiation in discrete spectral bands at a broader
resolution than HS have been more commonly deployed in UAV research on pasture
analysis. One major advantage of MS devices are that they are typically cheaper than HS
instruments.
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Pullanagari et al., (2012) observed reasonable precision (R2 = 0.6 – 0.7) for parameters
CP, ME and OMD on New Zealand PRG dominant pastures over two grazing seasons
using a proximal MS sensor, spanning 16 discrete wavelengths (460 – 1680 nm). This
study found considerable seasonal variation within spectral datasets and better prediction
results for season specific calibrations. Furthermore, an issue with MS sensing
highlighted in this study was the dependency of many MS sensors on natural light to
illuminate the sward and low atmospheric light intensity can cause sampling problems.
Askari et al., (2019) reported good prediction results for HM (R2 = 0.78, RMSE = 215 kg
DM ha-1) and CP (R2 = 0.77, RMSE = 13.6g kg DM-1) using UAV MS with four spectral
bands (550 nm, 660 nm, 735 nm and 790 nm) on Irish PRG pastures over two grazing
seasons. Images of the MS sensing technology used in this study can be seen in Figure
2-19. A Tasmanian study on PRG trial plots by Togeiro de Alckmin et al., (2020) reported
that MS (R2 = 0.79, RMSE = 405.8 kg DM ha-1) had a 116 kg DM ha-1 lower RMSE in
comparison with the RPM for HM prediction, when an optimal selection of vegetation
indices was used. Oliveira et al., (2020) showed that a combination of HS sensing (500 –
900 nm) and 3D imagery out-performed MS measurements on Finish swards, accurately
predicting silage sward HM (RPE = 14.6%), digestibility (RPE = 1.9%) and N content (
RPE = 13.6%).
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(a)

(b)

Figure 2-19 (a) Multispectral sensor and (b) UAV plot sensing fly over from study by Askari et al.,
(2019)

A number of similar limitations have been reported for both proximal and aerial sensing
of pasture. One of the most significant limitations being the heterogeneity of grassland
caused by spatial, temporal and management factors, which is much greater for grassland
compared to tillage, where remote sensing has become more established. The temporal
change in the ratio of photosynthetically to non-photosynthetically active (vegetative vs
dead) material in the sward has significant effects on spectral absorption and this ratio is
dependent on a range of sward factors (section 2.2.6). Achieving adequate levels of spatial
resolution to distinguish significant variations in pasture performance for targeted
management purposes is also an issue with pasture sensing. Sensors with sufficient spatial
and sensing resolution to identify pasture variation can be very expensive. Furthermore,
as for fresh and portable NIRS (sections 2.4.4 and 2.5.2.1) the high moisture content
within standing swards can obscure spectral features of certain quality parameters
(Pullanagari et al., 2011). In light of the research outlined for both proximal and aerial
sensing techniques, it is evident that longer more detailed studies, over numerous seasons
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and sward types need to be conducted before these technologies can become established
within pasture-based agriculture.

2.5.3.2 Satellite imagery
Several studies have investigated the potential of utilising satellite based MS and HS to
predict pasture quantity and quality (Ancin-Murguzur et al., 2019; Askari et al., 2019;
Sibanda et al., 2016). The distinct advantages of satellite sensing relate to the larger spatial
coverage, in terms of data acquisition, that can be achieved. The European Space
Agency’s Sentinel-2 project comprises of two orbital satellites loaded with MS
technology capable of monitoring land use variations (ESA, 2020a). Sibanda et al., (2016)
outlined how Sentianal-2 MS data could be used to predict HM with comparable accuracy
to proximal HS on South African pastures (R2 = 0.58, RMSE = 6.79 g m-2). A similar
study by Askari et al., (2019) on Irish PRG swards reported moderate success for
predicting HM (R2 = 0.82, RMSE = 600 kg DM ha-1) and poor results for CP (R2 = 0.62,
RMSE = 13.3g kg-1 DM). This study illustrated that the overriding limitation for satellite
spectral sensing on Irish pasture is frequent cloud cover, as data acquisition was not
possible on days with over 30% cloud cover.
An alternative technology for satellite remote sensing of pasture that may overcome cloud
cover and illumination limitations is synthetic aperture radar; this technology uses high
resolution radio wave reflectance to predict pasture height. Barrett et al., (2014) utilised
this technology to overcome cloud cover limitations for satellite classification of Irish
grasslands. The launch of the German TerraSAR-X satellite in 2007 has enabled sufficient
wavelength resolution (25 cm) and repeat coverage time (11 days) for pasture
measurement. A recent study on Irish PRG dominant dairy pasture yielded promising
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results for both sward height (R2 = 0.55) and HM (R2 = 0.75) (Ali et al., 2017a). However,
research into this technology is still at an early stage.

2.5.4

Decision support systems and herbage growth modelling

Decision support tools such as PBI (section 2.2.3) are becoming more frequently used by
grassland farmers. Similar DSTs have been developed in Europe, with an increasing
amount of grassland data being stored on cloud computing platforms (Delaby et al., 2015;
Zom and Holshof, 2011). One significant advantage of these DSTs is that they can
perform as a national database for research and innovation. Pasturebase captures HM data
across Ireland and enables user collaboration by means of online discussion group portals
(Shalloo et al., 2018). Furthermore, studies have utilised online DST databases to
combine grassland management factors with measurement data and meteorological data
from local weather stations to forecast HM growth rates (McDonnell et al., 2019; Ruelle
et al., 2018). Romera et al., (2010) utilised a genetic algorithm (GA) to continuously train
a model to simulate growth factors between measurement dates on New Zealand dairy
pastures. These growth factor simulations were based on a combination of meteorological
and grass measurement data. Herrmann et al., (2005) combined N fertilization, defoliation
frequency, grass species and daily weather data to predict HM and CP on pastures in
Germany. In the near future, on-farm sensor technologies could provide data on site
specific meteorological and soil conditions to increase HM prediction accuracy (Higgins
and Bailey, 2017; Pierce and Elliott, 2008; Wolfert et al., 2017).
One limitation of the previously mentioned DSTs is that they are currently only capable
of processing HM and sward height data, which is acquired using conventional
measurement tools. Moreover scope for a holistic grass management DST that
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incorporates state of the art grass measurement technologies and practices has been
identified (Murphy et al., 2019) (section 2.7).

2.6 Grassland modelling, simulation and optimisation
Non-destructive measurement techniques rely on modelling procedures to estimate grass
quantity and quality parameters. The following sections outline commonly used
techniques for modelling pasture parameters with a particular focus on modelling RPM
data to predict HM, as this is the most established non-destructive method used on Irish
grassland. However, all modelling techniques discussed are applicable to the majority of
non-destructive grass measurement systems. Furthermore, the later sub-sections of this
section outline the principles of simulation and optimisation, these processes can be
implemented to validate grass measurement prediction models and optimise measurement
practices.

2.6.1

Simple linear regression

The most established and basic method of predicating HM from RPM measurements of
CSH is SLR. This method involves predicting a dependent variable, namely HM, by
means of a proportional relationship to a single independent variable such as CSH. Simple
linear regression is defined by Eqn. (2-13):

𝑦 = 𝜀 + 𝛽𝑥

(2-13)

where 𝑦 is the dependent response variable HM, 𝜀 is the 𝑦 intercept and 𝛽 is the regression
coefficient that describes the rate of change of 𝑦 in response to unit changes in the
predictor variable 𝑥 (CSH).
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The relationship between the independent and dependent variables can be depicted by
data points plotted on a scatter graph, with the independent variable on the horizontal x
axis and the dependent variable on the vertical y axis. If the data points are orientated in
an approximate straight line, this indicates a linear relationship exists between the two
variables (Montgomery et al., 2012). To develop a SLR calibration for the RPM, CSH
measurements are typically taken within the area of a quadrat prior to clipping, weighing
and oven drying of the sampled herbage for reference analysis. A range of CSH measures
and reference cuts need to be repeated across the entire likely spread of both variable
values, while simultaneously attempting to avoid measurements of extreme values caused
by errors (outliers). Individual calibrations should be made for different seasons and
sward types (Cayley and Bird, 1996). Simple linear regression has been the established
method of predicting HM from CSH measurements. A summary of the most seminal
RPM studies, including calibration outputs, can be seen in Table 2-2. Most RPM systems
are accompanied by manufacturer specified SLR calibrations and a number of studies
have highlighted discrepancies with these calibrations, as they have not been calibrated
to local sward and climatic conditions (Dillard et al., 2016; Holshof et al., 2015; Martin
et al., 2005; Sanderson et al., 2001). O’ Sullivan et al., (1987) and O’ Riordan et al.,
(1998) developed RPM calibrations to determine HM with acceptable reliability on Irish
pastures, although both studies stressed the need for further RPM calibration at farm level
to account for different sward types. The present RPM calibration recommended by
Teagasc for use on Irish pastures is a SLR, with a slope of 250 kg DM cm-1 of CSH and
a y intercept based on the selected targeted post grazing height (typically 40 cm) (O’
Donovan, 2016). This basic SLR model was described in a previous study conducted by
Defrance et al., (2004) on French PRG/WC swards. That study further developed different
grass density height relationships for individual months and clover compositions.
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A number of studies have investigated if the relationship between CSH and HM can be
better explained by a curvilinear calibration incorporating a quadratic or cubic
relationship. O’ Sullivan et al., (1987) reported greater prediction accuracy (30 kg DM
ha-1 lower SE) associated with a curvilinear calibration compared with a SLR, on PRG
dominant Irish swards. However, the calibration set was small (< 200 data points) and
only covered the months of July and September for a single grazing season. Litherland et
al., (2008) reported slightly better results for a curvilinear calibration in comparison with
a linear calibration, on beef and sheep pastures in New Zealand. The study concluded that
the curvilinear calibration was more robust in accounting for the larger variation in
recorded heights on beef and sheep pastures, as a result of less frequent grazing patterns
compared with dairy pastures. Furthermore, the curvilinear calibration was reported to
have noticeably greater prediction accuracy in very long or very short swards. Rayburn
et al., (2017) reported similar results over a grazing season on mixed swards in the USA,
stating that at greater CSHs (≥ 10 cm), the relationship between CSH and HM becomes
one of diminishing returns as forage density begins to decrease. Likewise, Dillard et al.,
(2016) reported higher R2 values for curvilinear calibrations on PRG/WC dairy pastures
in the USA. Conversely, the study concluded that there was no significant advantage to
curvilinear calibrations in terms of prediction accuracy and that SLR was the most
practical method for on-farm calibration and use of the RPM.
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Table 2-2. Summary of herbage mass prediction model studies for the rising plate meter
Error (kg
DM ha-1)

Country

No. of
seas

Grass
Species

0.68

522

Australia

1

PRG

EC10

0.83

231

The
Netherland
s

2

PRG,
mixed
species

CSH

Falling PM

0.29 - 0.97

336 - 943

USA

3

SLR/CLR

CSH

Filip's PM

0.87

362

USA

1

Nakagami
& Itano
(2013)

MLR

CSH

Farmworks
RPM

< 0.70

200 - 1000

Japan

4

Mixed
species

Ferraro et
al., (2012)

MLR

CSH,
week,
region

Pasture
Plate

0.80

717

USA

3

Mixed
species

Itano et al.,
(2012)

SLR &
periodic
function

CSH, date

Filip's PM

0.77

371

Japan

2

Z.
japonica

King et al.,
(2010)

SLR
(seasonal)

CSH

Farmworks
RPM

-

441 - 773

New
Zealand

2

Braga et al.,
(2009)

SLR

CSH

Ashgrove
PM

0.82

1065

Brazil

2

Fehmi &
Stevens
(2009)

MLR

Litherland
et al.,
(2008)

MLR

Martin et
al., (2005)

MLR

Study

Equation

Variables

RPM

Togeiro de
Alckmin et
al., (2020)

SLR

CSH

-

Klootwijk et
al., (2019b)

MLR

CSH,
month,
grazing
system,
year

Rayburn et
al., (2017)

SLR/CLR

Dillard et
al., (2016)

R2

Mixed
species
RRG,
white
clover

RRG,
white
clover
Marandu
palisadegrass

CSH,
year, plate
pressure
CSH,
DM, %
dead
CSH,
clover %,
week

RPM

0.45

650

USA

4

Semi-arid
grassland

Farmworks
RPM

0.63

-

New
Zealand

1

Mixed
species

RPM

0.35 - 0.83

-

Canada

1

Mixed
species

MLR

CSH,
season

Ashgrove
PM

-

222

Ireland

2

PRG

SLR

CSH

B.M Butler
Computing
RPM

0.31

653

USA

2

Mixed
species

SLR

CSH

-

0.7

-

Ireland

1

PRG

Gabriëls &
van den
Berg (1993)

MLR

CSH,
DM,
external
moisture

-

0.89

450

The
Netherland
s

2

PRG

L'Huillier &
Thomson
(1988)

SLR

CSH

Ellinbank
PM

0.81 - 0.95

415

New
Zealand

4

RRG,
white
clover

O'
Sullivan et
al., (1987)

SLR/CLR

CSH

Castle
RPM

0.81

378

Ireland

1

PRG

Michell &
Large
(1983)

SLR

CSH

Massey
RPM

0.94 - 0.96

287 - 636

UK

1

PRG

Earle &
McGowan
(1979)

SLR

CSH

Ellinbank
PM

0.42 - 0.96

291 - 370

Australia

2

RRG,
white
clover

O' Donovan
et al.,
(2002)
Sanderson
et al.,
(2001)
O’ Riordan
et al.,
(1998)

SLR = simple linear regression with one independent variable, MLR = multiple linear regression with more than one independent variable, CLR =
curvilinear regression, CSH = compressed sward height, HM = herbage mass, DM = dry matter, RPM = rising plate meter, PRG = perennial
ryegrass, R2 = coefficient of determination, Error = standard error, RMSE or residual standard deviation depending on study, ‘-‘ = denotes where
data was not published as part of study, No. of seas = number of grazing seasons for which data was analysed
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2.6.2

Multiple linear regression

The majority of the less recent studies highlighted in Table 2-2 employed SLR; however,
more recent studies have focused on multiple linear regression (MLR) to explain more of
the variation between CSH and HM. A MLR model uses several independent variables
to explain a greater proportion of the variation in the dependent variable, as described in
Eqn. (2-14):

𝑦 = 𝜀 + 𝛽1 𝑥1 + 𝛽2 𝑥2 + ⋯ + 𝛽𝑘 𝑥𝑘

(2-14)

where 𝑦 is the dependent response variable HM, 𝜀 is the 𝑦 intercept term and 𝛽1, 𝛽2,... 𝛽𝑘
are the regression coefficients that describe the rate of change of y in response to unit
changes in the predictor variables 𝑥1 , 𝑥2 ,… 𝑥𝑘 .
Several studies outlined in Table 2-2 have highlighted that variations in accuracy of HM
prediction can be caused by seasonal, management and sward characteristic factors
(Braga et al., 2009; Defrance et al., 2004; Nakagami, 2016). Furthermore, a number of
studies have utilised MLR to investigate if combining CSH with additional seasonal and
pasture management variables increased HM prediction accuracy (Ferraro et al., 2012;
Klootwijk et al., 2019b; Litherland et al., 2008; Nakagami and Itano, 2013). Itano et al.,
(2012) improved HM prediction accuracy by incorporating a periodic function with an
annual RPM calibration. Nakagami and Itano (2013) found that a MLR model including
a variable for day of year increased HM prediction accuracy. Klootwijk et al., (2019b)
showed that monthly coefficients for MLR prediction of HM, did not vary greatly
between years and that a region specific RPM model could be applied across a range of
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grazing intensities. Defrance et al., (2004) proposed that additional data on sward factors
such as grass species, region and DM content could increase the accuracy of RPM
predictions. Gabriëls and van den Berg (1993) improved RPM prediction accuracy by
including external plant moisture, defined as dry or wet, as a categorical variable for
modelling HM. Moreover, Klootwijk et al., (2019b) suggested that seasonal variation
between HM model coefficients for the RPM could be explained with the incorporation
of weather variables within HM prediction calibrations.

2.6.3

Machine learning

Traditionally SLR and MLR have been the most popular methods for modelling pasture
parameters. More recently, research has focused on ML techniques that have the potential
to explain more variation in predicted variables for agricultural applications. Machine
learning refers to a class of modelling methods that have the capability to learn and
improve with iterative experience, which are further classified as a subset of artificial
intelligence (Alpaydin, 2014). There are numerous advantages to ML compared with
traditional techniques such as MLR. These advantages include being more adaptive at
handling different non-parametric distributions, missing data points, noise and redundant
variables. Moreover, ML algorithms are robust at quantifying multicollinearity,
interactions and non-linearity between input variables (Barrett et al., 2014; Nikoloski et
al., 2019; Saruta et al., 2013; Shine et al., 2018a). All ML algorithm processes involve
the optimisation of a specific set of hyper-parameters, which dictate prediction accuracy.
This is referred to as hyper-parameter tuning and there are a number of optimisation
procedures that can be employed for this purpose such as, k-fold cross-validation, gridsearch and random-search. Hyper-parameter optimisation operates similar to the
optimisation procedures discussed in section 2.6.8, where a cost function for model
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prediction error is minimised in order to find an optimum hyper-parameter configuration
to be used in a ML algorithm (Shine et al., 2018a).
One of the fundamental ML methods is the decision tree, which divides independent
variable data into a hierarchical structure, as seen in Figure 2-20. Decision tree algorithms
learn by splitting calibration training data at internal decision nodes, where test functions
are employed to subdivide data incrementally along discrete branches of the tree. Data
inputs commence at root nodes and traverse a branch path dependent on nodal test
outputs, until arrival at an output leaf node. Decision trees can be used for classification
and regression analysis and are commonly referred to as classification and regression
trees (CART).

(a)

`

(b)

Figure 2-20 (a) Example dataset of shapes and (b) corresponding decision tree where shapes are
classified at decision nodes using test functions based on orthogonal axis values. Oval nodes represent
decision nodes and square nodes represent output leaf nodes. Figure sourced from Alpaydin (2014)
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Other commonly used ML methods include random forest (RF), support vector machine
(SVM) and artificial neural networks (ANN) as described in detail by Jeong et al., (2016),
Baath et al., (2020) and Shine et al., (2018a), respectively. Shine et al., (2018a) analysed
the use of several ML techniques to model dairy farm electricity and water consumption
and reported improvements in prediction performance of up to 54% error reduction in
comparison with MLR models. Nikoloski et al., (2019) developed a predictive cluster tree
algorithm to predict HM production on Irish dairy farms using a range of soil,
environmental, weather and management variables. The ML method presented in that
study was reported to be more robust in considering the simultaneous effects of multiple
input variables than other ML techniques. Barrett et al., (2014) underlined the efficacy of
ML methods such as RF and SVM for the classification of Irish grasslands using satellite
radar technology. A number of studies have developed ML algorithms to predict yield
and quality characteristics for several crops including potatoes and rice, by utilising a
wide range of environmental, biophysical and management variables (Jeong et al., 2016;
Saruta et al., 2013). Jeong et al., (2016) indicated that an RF algorithm could achieve 30%
lower average prediction errors compared with MLR, when predicting crop yields. More
recently, research has increasingly focused on the application of ML methods for remote
sensing of grassland (Ali et al., 2017b; Oliveira et al., 2020). Togeiro de Alckmin et al.,
(2020) utilised RF and SVM to select optimal VI for MS sensing, to predict HM of
pasture. Furthermore, ML techniques, such as SVM algorithms, have shown potential in
chemometric modelling to reduce calibration set sizes for NIRS forage analysis (Baath et
al., 2020). Moreover, ANN has become an established method of improving NIRS forage
quality prediction (Nilsson, 2018).
Despite the apparent benefits of ML in terms of increasing prediction accuracy, more
traditional modelling methods, such as MLR, can be easier to implement for on-farm
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purposes. Furthermore, interactions between variables within ML algorithms can often
be difficult to interpret, with ML often being referred to as a ‘black box’ (Jeong et al.,
2016; Shine et al., 2018a).

2.6.4

Model prediction performance

There are many criteria for evaluating model prediction performance. This section will
outline some of the more commonly used methods to evaluate pasture quantity and quality
prediction in research.
2.6.4.1 Pearson’s moment correlation coefficient
One of the fundamental criteria for evaluating model performance is Pearson’s ProductMoment Correlation. The Pearson’s correlation coefficient (r) is commonly used to
evaluate the strength of the relationship between an independent and dependent variable
using Eqn. (2-15):

𝑟=

∑(𝑥𝑖 − 𝑥̅ )(𝑦𝑖 − 𝑦̅)

(2-15)

√∑(𝑥𝑖 − 𝑥̅ )√∑(𝑦𝑖 − 𝑦̅)

where 𝑟 is Pearson’s coefficient, 𝑥𝑖 and 𝑦𝑖 are the ith variables for each instance in the
dataset and 𝑥̅ and 𝑦̅ are the respective population means.
Pearson’s coefficient ranges from - 1 to + 1, where ± 1 is a perfect linear relationship and
0 is equal to no relationship. The square of Pearson’s coefficient is the coefficient of
determination (R2) and this is a significant parameter of model performance, which was
used by the majority of studies in (Table 2-2). The R2 value is the amount of variation in
the dependent variable y explained by an independent variable x, or combination of
independent variables in the case of a MLR. The amount of variation explained by the
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model is indicated by how close the R2 is to ± 1, and therefore this is a measure of how
reliable the model is (Lewis-Beck and Lewis-Beck, 2017).

2.6.4.2 Model error analysis
The fundamental criteria for the determination of linear model coefficients is the residual
sum of squares (RSS). Linear models are determined by the best fit regression line
between independent and dependent variables that minimises the RSS, as outlined by
Lewis-Beck and Lewis-Beck (2017) and Shine et al., (2018b) using the following Eqn.
(2-16):

𝑛

𝑅𝑆𝑆 = ∑(𝑦𝑖 − 𝑦̂𝑖 )2

(2-16)

𝑖=1

where 𝑛 is the number of data points in the calibration, 𝑦𝑖 is the reference value of the
dependent variable and 𝑦̂𝑖 the predicted value, for each 𝑖 th data point.
The SE of the regression can be found by calculating the square route of the RSS. The
RSS can further be expressed as the mean squared prediction error (MSPE) using the
following Eqn. (2-17):

𝑀𝑆𝑃𝐸 =

𝑅𝑆𝑆
𝑛

(2-17)

where 𝑛 is the number of observations of independent and dependent variables.
A commonly used model performance criterion related to RSS is RMSE, also referred to
as the standard error of regression as outlined by Montgomery et al., (2012) and defined
by Eqn. (2-18):
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𝑅𝑀𝑆𝐸 = √

∑𝑛𝑖=1(𝑦𝑖 − 𝑦̂𝑖 )2
𝑛

(2-18)

where 𝑛 is the number of observations and 𝑦𝑖 and 𝑦̂𝑖 are the observed and predicted values
for the 𝑖 th data point.
The RMSE has the same units of measure as the dependent variable and lower RMSE
values indicate greater prediction performance. To assess model performance relative to
the dependent variable, the RMSE can be expressed as a percentage of the mean of the
reference values for the dependent variable in terms of RPE, as outlined by Rook et al.,
(1990) in Eqn. (2-19):

𝑅𝑃𝐸 =

𝑅𝑀𝑆𝐸
𝑥 100
𝑦̅

(2-19)

where 𝑦̅ is the mean of the observed values for the dependent variable.
The RPE is one of the foremost criterion for assessing model performance and FuentesPila et al., (1996), Shine et al., (2018b) and Hanrahan et al., (2017) defined models with
RPE greater than 20% as poor in terms of prediction accuracy, in comparison with models
that have RPE < 10% which were deemed satisfactory. Sanderson et al., (2001)
recommended that a RPE < 10% was required for indirect HM measurement calibrations
to ensure accurate forage budgeting.
Other common model evaluation criterion include the mean absolute percentage error
(MAPE) and the mean percentage error (MPE). The MAPE is used to calculate the
magnitude of model error and is defined by Eqn. (2-20):
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𝑛

1
𝑦𝑖 − 𝑦̂𝑖
𝑀𝐴𝑃𝐸 = . ∑ |
| 𝑥 100
𝑛
𝑦𝑖

(2-20)

𝑖=1

where 𝑛 is the number of observations, and 𝑦𝑖 and 𝑦̂𝑖 are the observed and predicted
values for the 𝑖 th data point.
Likewise, the formula for MPE is outlined in Eqn. (2-21):

𝑛

1
𝑦𝑖 − 𝑦̂𝑖
𝑀𝑃𝐸 = . ∑
𝑥 100
𝑛
𝑦𝑖

(2-21)

𝑖=1

The MPE formula is very similar to MAPE, except the sum of absolute residuals values
is not used. This results in a negative value if the model is biased toward over prediction
and a positive value in the case of under prediction, as outlined by Shine et al., (2018a).

2.6.5

Variable selection for multiple linear regression

The use of additional independent variables in an MLR may not always increase
prediction accuracy and can cause reductions in model performance, known as over
fitting, by increasing the variance of predictions. Moreover, the inclusion of redundant
variables further increases the cost associated with data acquisition. To combat this, a
robust variable selection processes must be employed to optimise model performance.

2.6.5.1 Stepwise variable selection
Variable selection can be performed by evaluating fluctuations in model performance by
adding or deleting independent variables one at a time. Methods of this form of variable
selection include forward, backward and stepwise procedures. Forward variable selection
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starts by selecting the independent variable with the largest linear correlation to the
dependent variable. Additional variables are then selected based on their partial
correlation with the dependent variable, which is based on a variable’s F adjusted value
and the selected F limit, as described in (Montgomery et al., 2012).
Backward variable selection uses the reverse principle of forward selection, starting the
selection procedure with all available variables included in the model. Stepwise variable
selection is a combination of the two previously described procedures, it starts similar to
forward selection but as each variable is included in the model the partial correlations of
each previously selected variable are re-evaluated. Upon re-evaluation, if a variable does
not meet the F value limit it is removed from the model. Litherland et al., (2008) used
forward stepwise regression to investigate if adding variables for DM and dead material
percentage would increase HM prediction accuracy and concluded that the addition of
these variables resulted in minimal benefit. Martin et al., (2005) showed that adding
clover percentage by means of stepwise regression increased RPM model precision,
however, suggested that a simple linear model would be more practical for farmers.

2.6.5.2 Backward sequential variable selection
A more contemporary variable selection technique that originates from ML is backward
sequential variable selection (BSS), which is a greedy search algorithm that is robust for
model performance and avoids over fitting. BSS selects independent variable subsets that
minimise the residual sum of squares (RSS) between input variables and the dependent
variable. In comparison with other common variable selection methods, such as
correlation analysis that assesses variables individually, BSS evaluates the prediction
performance of each variable subset combination. Thus, exploiting more potential
predictive information from variable interactions (De Silva and Leong, 2015). The first
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step of this process involves developing a MLR model using all candidate variables and
calculating the RSS of predicted values by means of stratified random k-fold crossvalidation. Then each individual variable is removed separately, the modelling process is
repeated and the RSS re-calculated. Once this process is repeated for all variables in the
dataset, the variable whose removal results in the greatest reduction in RSS is then
permanently removed from the dataset. The entire process is then repeated (using the
remaining variables at each iteration) until no reduction in RSS is calculated (Shine et al.,
2018a).
2.6.5.3 Multicollinearity
One significant criteria of variable selection is that all explanatory variables must be
independent of each other. If two or more explanatory variables are linearly related this
is called multicollinearity, which can lead to misleading and erroneous predictions.
Multicollinearity can be assessed using the variance inflation factor (VIF), which
determines the strength of correlation between explanatory variables, as defined in Eqn.
(2-22):

𝑉𝐼𝐹𝑗 =

1
1 − 𝑅𝑗2

(2-22)

where the 𝑉𝐼𝐹𝑗 is the variable inflation factor for the 𝑗th variable and the 𝑅𝑗2 is the
coefficient of determination when the 𝑗th variable is regressed against all other variables
included in the model.
If the VIF values exceeds a maximum threshold (typically 5), the variable is removed as
described in Montgomery et al., (2012) and Shine et al., (2018b).
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2.6.6

Model validation techniques

Model validation is required to test a regression model’s precision and robustness for use
in the field. Before the modelling process is completed, tests need to be performed on a
model’s coefficients to determine if they are stable predictors of the dependent variable,
which means that similar coefficients would be obtained from calibrations preformed
using a different dataset. Furthermore, prediction performance should be evaluated using
data independent of the calibration set.

2.6.6.1 Cross-validation
Model validation can be performed by collecting new data or by splitting the collected
data prior to modelling using a method known as cross-validation, as outlined in
Montgomery et al., (2012). Cross-validation is one of the most common methods of
validation, involving removing a subset (approximately 10 – 20%) of the original dataset
and excluding it from the calibration process to create a validation dataset. Once a
calibration is complete its performance can then be tested on the blind validation dataset.
A disadvantage of basic cross-validation is that it may not be a robust enough test of a
model. The validation dataset needs to comprise of data covering the entire range of
possible values for the dependent variable. This can be aided by evenly stratifying the
original dataset and removing an equal portion of data from each stratum to be included
in the validation set. The data needs to be stratified in a manner that evenly distributes the
range of data, in the case of an RPM calibration this may be achieved by stratifying the
data by time of year or month during the grazing season.
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2.6.6.2 k-fold validation
A more detailed method of validation is k-fold validation, as described Shine et al.,
(2018b). This method involves splitting the dataset into k folds of equal proportion. The
process is then carried out over k iterations. For each of these iterations, one fold
containing 10% of the data is designated as a test set for validation and the remaining nine
folds are used to create a model. The overall accuracy of each model is then calculated as
the mean across all ten folds. The main benefit of k-fold cross-validation is a reduced risk
of over or under estimating prediction accuracy due to using a single test set. Nakagami
and Itano (2013) used k-fold validation to compare the performance of RPM calibrations
on Japanese pastures.

2.6.7

Grass modelling simulation

Mathematical simulation is the use of a model to perform experiments with outcomes that
represent a real environment. Simulations use input variable values that best represent the
physical environment that a model is used to describe. Thus, conclusions can be drawn
from simulation results that give an understanding of a real world system (Colombo and
Rizzo, 2009). Monte Carlo simulation is a stochastic method of risk analysis, where
values within known distributions of independent variables can be randomly drawn to
simulate a distribution of model outputs over a number of repeated iterations (Phillips,
2003; Reidy, 1988). After a repeated number of simulations, probability distributions can
be formulated from the simulated model outputs and in turn used to estimate the
probability of certain outcomes. One of the main advantages of this method is that realistic
model outputs can be simulated without the need for laborious field testing. In addition,
a wide range of variable inputs can be tested to gain a greater understanding of the
relationships between these variables (Shalloo et al., 2004). This method further enables
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model predication error and bias to be accurately estimated, which can consequently
enable more accurate decision making (Phillips, 2003). However, simulations are only as
accurate as the distributions that the randomised input values are based upon. Moreover,
it can be difficult to ascertain the number of simulations required for accurate probability
analysis. Increasing the simulation number will increase statistical resolution, however,
this will further increase computational expense (González, 2003; Petersen and Barraj,
1996).
Monte Carlo analysis has commonly been applied to economic forecasting in agriculture
(Grafton and Manning, 2017; Reidy, 1988; Shalloo et al., 2004). Nakagami, (2016) used
Monte Carlo simulations to evaluate a simple method of estimating HM using just two
pasture measurements, to reduce measurement labour and improve pasture management.
A known distribution of the variation of HM within grazed pastures was used to generate
mean HM correction factors based on randomly drawn max and min HM values. The
correction factors could then be applied to measured values of mean HM, to give more
precise estimations of overall HM and HM variation within a pasture. Likewise, Monte
Carlo analysis could potentially be utilised to evaluate the precision of non-destructive
pasture measurement with regard to overall feed budgeting and profitability on pasture
base farms. As pasture feed budgeting is dependent on grass measurement precision
(section 2.2), economic value could potentially be linked to measurement precision. The
financial risk of poor grass utilisation associated with making erroneous pasture
measurements could be estimated using Monte Carlo simulation. Furthermore, labour and
cost associated with pasture measurement could be factored into measurement protocol
simulations and used to formulate a holistic financial appraisal of on-farm grass
measurement. Moreover, uncertainty with regard to measurement error and bias could be
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predicted and accounted for when making grassland management decisions, such as HM
allocation.

2.6.8

Grass measurement optimisation

Scope for optimising conventional grass measurement practices, such as pasture sampling
protocols, has been outlined in section 2.3.3. In general, optimisation theory can be
applied to a range of decision making procedures. Once a problem is identified a
mathematical model is typically employed to give a “good” approximation of the
solution. Optimisation can then be used to test if this solution is acceptable or whether it
can be improved by iteratively adjusting the model (Talbi, 2009). The fundamental
optimisation process is summarised in Figure 2-21 below.

Figure 2-21 Flow chart of the steps involved in the fundamental optimisation process. Figure sourced
from Talbi (2009)

There a number of areas for potential optimisation regarding pasture measurement.
Pasture prediction model accuracy could be increased by optimising model parameters,
as outlined in Romera et al., (2010). Likewise, optimisation procedures are typically used
to train ML algorithms to increase pasture parameter prediction accuracy, as previously
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discussed in section 2.6.3. However, this section will primarily focus on the potential of
optimising grass measurement sampling protocols.
To promote the regular measurement of grass amongst grassland farmers there is a need
to quantify the labour input required to achieve a desired level of measurement accuracy.
For established non-destructive measurement methods such as the RPM, the main labour
inputs are the time and effort it takes to complete a grass walk. These are directly
proportional to the distance walked and the sampling strategy employed during a
measurement survey (section 2.3.3). Therefore, minimising walking distance for a predetermined sampling rate is the main consideration when optimising a grass measurement
protocol for labour and time. This form of optimisation problem can be defined as a
travelling salesman problem (TSP), which is described in the following sections.
Moreover, the same route optimisation principles for the RPM will apply to the potential
future automated grass measurement techniques discussed in section 2.5. Both
Manderson and Hunt, (2013) and Gobor et al., (2015) highlighted the requirement of
optimised sampling strategies for proposed pasture measurement AGV’s, to maximise
measurement precision and minimise energy use. Similarly, Xiong et al., (2017)
developed an AGV with machine vision capabilities to identify weed species for targeted
weeding applications. This AGV was programmed to follow an optimised sampling path
based on a TSP in order to reduce route length and time, as seen in Figure 2-22.
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Figure 2-22 Co-ordinate sampling route plan maps for (a) randomised, (b) co-ordinate ordered (xaxis) and (c) travelling salesman optimised routes for the automated weed targeting machine
presented in Xiong et al., (2017)

2.6.8.1 The travelling salesman problem
In section 2.3.3.3 random stratified sampling was outlined as an optimum sampling
strategy for grass measurement. One issue with random stratified sampling is that the
sample locations are randomly dispersed in a spatially balanced manner throughout a
paddock, which makes it difficult to select the shortest route through the paddock that
encompasses all sample locations. This form of optimisation problem is referred to as a
TSP. The term TSP originates from the first conception of the problem, which was to find
the shortest route for a salesman to travel when needing to visit every city in the USA,
before returning home (Haupt and Haupt, 2004; Keller et al., 2016). Initially, the function
that needs to be minimised to select the shortest route for a TSP can easily be defined.
The cost function is the sum of the combined linear distances between each city (sample
location) along a selected route, as defined by the Eqn. (2-23) below:

𝑛

𝑐𝑜𝑠𝑡 = ∑ √(𝑥𝑛 − 𝑥𝑛+1 )2 + (𝑦𝑛 − 𝑦𝑛+1 )2
𝑛=0
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where n represents the order number of each location visited, and x and y are the linear
co-ordinates.
Once the cost function is defined, the problem becomes more complex as the number of
all possible route combinations, with fixed start and end locations, for a selected
measurement rate 𝑛 is defined by Eqn. (2-24) (Haupt and Haupt, 2004).

𝑛!
2

(2-24)

where 𝑛 is the selected measurement rate.
For example if a grass measurement protocol for a RPM requires 30 measurements at
randomly selected locations within a paddock there are 15! (1.33 x 1032) possible routes
to select from, which makes selecting the shortest route a computationally exhaustive
procedure. To put this number into perspective, the number of possible measurement
routes is much greater than the number of stars in the universe, which is approximately 1
x 1014 (ESA, 2020b). Abdoun et al., (2012) calculated that a TSP including 25 cities
would take 9.8 billion years in computational time to solve. Decades of research have not
found an efficient algorithm to solve the TSP, as it belongs to a set of problems referred
to in computer science as non-deterministic polynomial-time hard. The TSP was
traditionally studied within the transport industry as an approach to solving vehicle
routing problems. More recently studies have applied TSP approaches to solve
agricultural route optimisation problems, in PA applications such as automated targeted
weed control and field operational logistics (Stray et al., 2012; Xiong et al., 2017; Zhou
et al., 2014). An established method of optimising TSP defined routes is the genetic
algorithm (Abdoun and Abouchabaka, 2012; Akshatha et al., 2013; Rexhepi et al., 2013).
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2.6.8.2 Genetic algorithms
Approximation techniques known as meta-heuristic algorithms have proven to yield
results close to optimum solutions for TSPs (Abdoun and Abouchabaka, 2012). Metaheuristic algorithms are a sub-group of optimisation techniques that are capable of
providing acceptable answers to complex computational problems within reasonable time
frames, although optimal solutions are not guaranteed (Talbi, 2009). Studies have applied
well known meta-heuristic techniques such as simulated annealing and ant-colony
optimisation to try and solve TSPs (Grabusts et al., 2019; Wang et al., 2020). However,
one of the most favoured methods applied to the TSP is the GA. The GA can be more
robust at escaping local optima when searching computationally vast solution spaces, as
a result of its crossover and mutation search procedures. This gives GAs an advantage
over other optimisation algorithms with regard to finding globally optimal solutions and
avoiding premature convergence (Hui, 2012). In addition to route optimisation, GAs have
also been utilised to optimise prediction modelling methods within the grass-based dairy
industry. Romera et al., (2010) used a GA to continuously re-train a HM prediction model,
based on the most recent measurements performed on a pasture, to minimise HM
prediction error. Breen et al., (2019) reported that a GA had superior efficiency and
performance in comparison with other common optimisation algorithms, when
developing an infrastructure optimisation model for Irish dairy farms.
Genetic algorithms can be employed to estimate the optimum route for a TSP, such as
optimising a pasture sampling route, in a reasonable time frame. A GA mimics
evolutionary processes in nature, namely natural selection, to estimate the optimum route
(Abdoun and Abouchabaka, 2012; Haupt and Haupt, 2004). The algorithm is based
around a cost function, in this case Eqn. (2-23), which can have multiple input variables
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such as a set of x and y co-ordinates for a number of pasture measurement locations. The
aim of the GA is to minimize cost by adjusting the values of a vast range of input
variables. Constraints can be placed on input variables to narrow the scope of the search
for the minimum cost and therefore, reduce computational effort.
Genetic Algorithms have a number of advantages over dynamic programing such as being
more effective at handling large numbers of variables, capable of producing lists of best
variables and solutions, efficient at finding global minimum values and capable of
sampling multiple variable combinations simultaneously (Abdoun and Abouchabaka,
2012). However, a study by Gharehchopogh et al., (2012) found that a combination of
Ant Colony optimisation and a gradient based algorithm could achieve more optimum
solutions for a TSP compared with a GA. The study found that the incorporation of the
gradient based search technique reduced the overall algorithms dependency on
optimisation parameter values and reduced the risk of premature convergence. Adewole
et al., (2012) observed that simulated annealing achieved better runtimes compared with
a GA when solving TSPs, however, the GA achieved more optimum solutions and was
better at finding optimum solutions in larger population sizes.
The GA is based on Charles Darwin’s theory of evolution and mimics the natural
selection process in nature. A flowchart summarising the GA process applied to the TSP
can be viewed in Figure 2-23. At first, a sample population of possible inputs is selected
at random from an entire population. In the previous grass measurement TSP example,
the sample population would consist of a number of random routes between measurement
locations randomly selected from the entire population of all possible route combinations.
Each measurement route is a set of measurement locations with a specific location
visitation order. The route sets are referred to as chromosomes and all chromosomes have
a corresponding cost, which in this case is the distance between each sample location.

116

Literature Review
Natural selection is then applied to all chromosomes in the sample population by ranking
each one in order of their cost, referred to as their level of fitness. The poorest performing
chromosomes are removed from the population and the best chromosomes survive for
further mating, similar to how species evolve in nature. Elitism is used to keep the very
best chromosomes, while the remaining chromosomes are then mated and their genetic
code is mixed with the aim of producing more optimum offspring (Rexhepi et al., 2013).
The number of chromosomes that survive is determined by a pre-determined selection
rate, which is typically 50% (Haupt and Haupt, 2004). The process of selection is then
repeated for a number of iterations until the cost function solution converges at a
minimum point. As the chromosome mating process continues, the solutions start to
converge and produce similar cost results and the rate of cost reduction decreases, this is
known as convergence. If no changes are made to the initial sample population selection
all chromosomes will start to become identical and the problem will converge. This can
occur at a point that may only be the minimum solution possible for the selected sample
population, known as a local minimum, as opposed the overall population global
minimum.

Figure 2-23 Flowchart of the genetic algorithm optimisation process for the travelling salesman
problem.
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The mating of chromosomes occurs by means of crossover, which combines the elements
from two parent chromosomes to produce new offspring (Rexhepi et al., 2013). Crossover
points are selected randomly within chromosome pairs and genetic material is swapped
between each point to create two new offspring, which is genetically distinct but also
related to their parents. There is no way of knowing the best elements to select from each
parent, therefore this process is done randomly and iteratively. Once the initial sample
population is selected, it typically remains the same for all iterations carried out within
the algorithm. Variation is introduced to the population during each iteration by means of
mutation. This increases the probability of finding a global minimum solution, as opposed
to resting at a local minimum within the population. Mutation allows a greater amount of
the entire population to be sampled and prevents the GA from converging too quickly
within the sample population. In contrast, high mutation rates can lead to an algorithm
falling into a local minimum and converging too quickly (Haupt and Haupt, 2004).
Rexhepi et al., (2013) found that increasing the mutation rate above 1% does not produce
better results and only serves to increase processing time. The study suggested that higher
mutation rates have a better effect when population sizes are small (≤ 1000), as there is
less diversity within smaller populations.
The TSP requires modified crossover and mutation parameters to avoid duplication of
locations within routes. Solution chromosomes are represented in terms of a path
presentation string, which is a string including all locations to be visited denoted by
reference numbers. The string of locations in each chromosome is listed in terms of their
visitation order along the route. For example for a measurement route containing n = 8
measurement locations, providing the measurement locations are visited in numerical
order the route could be represented as follows:
[1, 2, 3, 4, 5, 6, 7, 8]
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There are many crossover methods that can be applied to the TSP, which are discussed in
Abdoun and Abouchabaka (2012). A crossover example taken from Keller et al., (2016)
is illustrated in Figure 2-24, where parents chromosomes (1) and (2) are mated by means
of the partially mapped crossover method. This method involves retaining the segment
[1, 2, 7] from parent (1) in offspring (3) and then initially crossing over the unique
segments from parent (2) in their original positional order if possible, before finally
crossing over the remaining unique segments from parent (2) to fill up the remaining
segments in the offspring. Example route and measurement locations for each
chromosome in Figure 2-24 can be seen in Figure 2-25.

Figure 2-24 Illustration of partially mapped crossover of travelling salesman problem solution
chromosomes , with parent chromosomes (1) and (2) and offspring (3). The red box indicate the
segment of parent (1) retained in offspring and the red arrows indicated the unique segments that
are transferred from parent (2) into the offspring.

Figure 2-25 Route maps for (a) parent chromosome 1, (b) parent chromosome 2 and (c) offspring
chromosome
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The optimum solution for a TSP can be difficult to distinguish and selecting the most
suitable parameters to achieve convergence at an optimum value is an iterative process
that requires a great deal of trial and error and a degree of intuition. Haupt and Haupt
(2004) stated that an optimum solution will have no crossing paths and found that low
population size and high mutation rates are not effective for the TSP. Furthermore, the
time a GA takes to converge at a reasonable solution has to be considered. Without
constraints a GA may run forever, this is not practical so iteration or convergence
constraints need to be placed on a GA to ensure that it stops within a feasible time frame.
These constraints are typically a pre-specified number of iterations or convergence range
at which the algorithm should stop, as outlined by Jiang, (2010).

2.7 GrassQ holistic decision support system
With the wide range of grass measurement technologies currently on the market and in
research, there is growing scope for a decision support system (DSS) which can process
a large amount of empirical data from a range of sources to streamline data processing
and aid on-site decision making. GrassQ is a European wide project funded by the
European Commission’s ICT-AGRI scheme and includes partners from Ireland,
Denmark, Finland and Switzerland (O’ Brien et al., 2019). The research carried out in
this thesis formed part of the GrassQ project. The aim of GrassQ was to develop a holistic
precision grassland measurement and management system that encompassed both ground
based and remote sensing measurement technologies. GrassQ was structured upon a web
based DSS that was designed to streamline grassland data management and aid decision
making for both industry and research use. The GrasQ DSS was designed to be a cloud
based data management and processing system capable of managing geo-spatial data
from the range of measurement tools being researched as part of this project.
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Measurement research included space borne and airborne MS sensing, proximal HS
sensing, laboratory based NIRS and ground based CSH measurement.
The basic structure of the GrassQ DSS consisted of four layers including the sensor, cloud
storage, geo-informatics and a decision support layers, which are outlined in the
infographic in Figure 2-26. The sensor layer included all measurement technologies
incorporated in GrassQ and all data acquired from this layer was uploaded and stored on
a cloud platform. All grass quality and quantity prediction models developed as part of
GrassQ were integrated within the geo-informatics layer, where geo-tagged information
outputs such as user friendly results reports, maps and alerts could be generated in realtime. The decision support layer allowed data outputs from the geo-informatics layer to
be visualized via a user friendly interface either through the GrassQ web browser portal
or via the GrassQ smartphone application. The prototype GrassQ DSS has been
developed (http://www.grassq.com/grassq/) and is capable of storing and processing both
ground based and remote sensing measurement data. Furthermore, results from GrassQ
remote and proximal sensing research have been published by Askari et al., (2019). It is
envisaged that GrassQ will promote PA concepts and increase efficiency within pasturebased livestock industries.
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Figure 2-26. Infographic of GrassQ DST system. Figure sourced from Murphy et al., (2019a)

2.8 Conclusion
This review summarised the basic principles of optimal grassland management on Irish
pastures and the requirement for more precise and efficient measurement technologies in
line with the concept of PA. Seminal research regarding both conventional and state of
the art measurement techniques for measuring pasture quantity and quality have been
discussed. Findings from the reviewed research into grass measurement technologies that
were relevant to Irish grassland are summarised in Table 2-3. The highlighted research
was selected from recently published studies that were highly relevant to Irish grazing
systems.
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Table 2-3 Summary of grass measurement systems from relevant research to Irish grasslands

System

Relevant
studies

Measure

Herbage
quantity

Prediction

R2

Error

Herbage
quality

Advantage

R2

Error

Disadvantage

Conventional systems

Rising plate
meter

Klootwijk
et al.,
(2019b)

Compressed
sward height

HM

0.83

226

-

-

Rapid,
usability,
cost

Labour,
accuracy

Sward stick

O’
Donovan
et al.,
(2002a)

Sward
surface
height

HM

0.92

249

-

-

Usability,
cost

Labour,
accuracy

Capacitance
meter

O’
Donovan
et al.,
(2002a)

Electric
capacitance

HM, DM

0.72

456

-

-

Rapid,
usability

Labour,
accuracy

Visual
assessment

O’
Donovan
et al.,
(2002a)

Perceived
herbage
cover

HM

0.95

193

-

-

Minimal
labour

High
subjectivity

NIRS

Lobos et
al., (2019)

Spectral
absorption

DM, CP

-

-

0.92,
0.84

1.13,
2.22

Accuracy

Cost, lab
based,
destructive

State of the art

Light sensing
(C-DAX)

Oudshoor
n et al.,
(2011)
Schori,
(2015)

Sward
surface
height

HM

0.77

311

-

-

Rapid,
automation

Accuracy

Ultrasonic

Reddersen
et al.,
(2014)

Sward
surface
height

HM

0.76

880

-

-

Rapid,
automation

Accuracy

Portable
NIRS

Mendarte
et al.,
(2010)

Spectral
absorption

DM, CP

-

-

0.82,
0.62

0.56,
1.5

In-situ
quality
analysis

Accuracy

Hyperspectral
sensing

Askari et
al., (2019)

Spectral
absorption

HM, CP

0.88

160

0.82

10

Remote
sensing,
accuracy

Cost

Multispectral
sensing

Askari et
al., (2019)

Spectral
absorption

HM, CP

0.78

215

0.77

13.6

Remote
sensing,
cost

Lack of
long term
studies

Satellite
multispectral

Askari et
al., (2019)

Spectral
absorption

HM, CP

0.82

600

0.62

13.3

Remote
sensing

Cloud
cover,
accuracy

Synthetic
Aperture
radar

Ali et al.,
(2017a)

Sward
surface
height

HM

0.75

-

-

-

Satellite
sensing

Lack of
research

Measure = measurement parameter, Prediction = prediction parameter, HM = herbage mass (kg DM ha-1) DM = dry matter (g kg1
ha-1, %) CP = crude protein (g kg DM-1, %DM), R2 = coefficient of determination, Error = standard error, RMSE or residual
standard deviation depending on study, ‘-‘ = denotes where data was not published as part of study
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Within the literature outlined in this chapter it is evident that there is considerable scope
for the development of grassland sensing techniques to increase measurement precision,
pasture mapping capabilities and labour efficiency. Furthermore, there has been minimal
research into developing optimum grass measurement sampling protocols and no
definitive grass measurement protocol exists for Irish pastures. Research into optimising
grass measurement protocols should promote more precise and efficient measurement
practices, which account for spatial and temporal heterogeneity in pasture. Development
of such protocols should be applicable to both herbage quantity and quality measurement
techniques. Concurrently, the combination of new grassland sensing technologies with
state of the art modelling techniques could lead to more precise predictions of pasture
parameters. The development of more robust and rapid methods of predicating pasture
quantity and quality would enable the optimisation of herbage allocation and utilisation.
To conclude, the adoption of new grassland measurement technologies within pasturebased industries will only be justified if these technologies are proven to be significantly
more precise and practical than established methods. There remains some ambiguity
surrounding the precision of current grass measurement methods used on Irish grassland.
The RPM remains the only established non-destructive tool used for grass measurement
by Irish farmers. Scope exists to clarify the precision of the RPM and investigate its
potential for optimisation, in terms accuracy and use. Conducting this work would further
enable the benchmarking of new measurement technologies as they come online in the
coming years. Additionally, there is no means of rapid analysis of pasture quality for Irish
grassland. Development of such a method would enable new research regarding more
efficient herbage utilisation and PA applications. Therefore, the objectives of this
research are as follows: 1) Evaluate the precision of the RPM in terms of predicting mean
HM, HM variation and measurement repeatability on grazed pastures, 2) investigate the
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use of grassland management and climate data in combination with RPM measurement
data, using state of the art modelling techniques, for more accurate prediction of HM, 3)
develop NIRS calibrations for more rapid analysis of Irish pasture quality for parameters
DM and CP and 4) develop a grass measurement optimisation tool to generate accurate
and efficient protocols to determine pasture quantity and quality, in a manner which can
be used for targeted pasture management.

125

Evaluation of the precision of the rising plate meter for measuring compressed sward
height on heterogeneous grassland swards

3 Evaluation of the precision of the
rising plate meter for measuring
compressed

sward

height

on

heterogeneous grassland swards

3.1 Introduction
As outlined in chapter 2, accurate measurement and allocation of HM to the grazing herd
on a daily basis is essential in increasing the efficiency and profit of grass-based livestock
systems. The RPM is the most prominent grass measurement tool on Irish farms,
however, it is limited in terms of accuracy. There are three distinct sources of error
associated with using the RPM namely protocol error, measurement system error and HM
calibration error (section 2.3.3). In this chapter, the authors will focus on RPM
measurement protocol and system error, while HM calibration error is dealt with in
chapter 4. A considerable source of variance between CSH measurements within pastures
is the interaction between the rising plate and the vertical profile of the sward, which can
change depending on a range of sward factors (section 2.2.6). Similar factors contribute
to greater sward heterogeneity in terms of HM within pastures, which ultimately increases
the difficulty of estimating true average HM within pastures.
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At stated in section 2.3 there is no definitive measurement protocol for the RPM to
accurately predict mean HM and account for spatial variation within pastures. Current
measurement procedures leave scope for operator subjectivity, resulting in estimates of
HM that may be prone to bias. Traditionally it was believed that increasing sampling area
and resolution would in turn increase measurement precision. Conversely, there is a tradeoff between the benefit of increasing measurement accuracy versus time and cost.
Reducing measurement time and effort is vital, not only in saving time and cost for
farmers but also to encourage more farmers to measure grass on a regular basis.
Scope for a universal grass measurement protocol has previously been outlined in section
2.3, where random stratified sampling was identified as a suitable method to achieve nonbiased and spatially balanced estimations of pasture HM cover and variation.
Furthermore, there have been few studies that have focused on RPM system error in terms
of measurement repeatability.
The objectives of this chapter were to:
1) quantify the level of spatial variation of HM and CSH within grazed swards and
determine the factors that affect both
2) determine the optimum number of RPM measurements required to accurately predict
mean HM within pastures across the grass growing season
3) assess the precision of the RPM measurement system in terms of repeatability of
measures on grassland swards.
The findings of this chapter will be used to inform research into the design of a protocol
for optimum grass measurement on Irish pasture-based farms, which will be presented in
chapter 6.
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3.2 Materials and methods
Measurements were carried out over two grass growing seasons between March 2017 and
October 2018 at the Teagasc, Animal and Grassland Research Institute at Moorepark
Fermoy Co. Cork (50° 7´N, 18° 16´W). Grass plots and paddocks were sown on free
draining acid brown earth soil with a sandy loam structure. Year 1 of the study focused
on small scale controlled grass cultivar trial plots, with the aim of developing an
experimental framework, which could be scaled up to grazed paddocks in year 2.

3.2.1

Controlled trial plot study

The Moorepark weekly grass growth study (n = 64) was selected to develop the
experimental framework for this study, on the basis that this approach would enable
maximum possible control of the most significant factors that affect grass growth and
variation within swards. This study was used to measure weekly PRG growth using the
method described by Corrall and Fenlon (1978). Controlled variables included
fertilisation rate (kg ha-1), regrowth period (28 days), grass species (PRG) and herbage
removal (40 mm). The plots were sown in 2016 and arranged in a 16 × 4 factorial
randomised complete block design, representing four treatment groups, each receiving
varying levels of N application, as seen in Figure 3-1 (a). Each treatment had four plot (5
m × 1.2 m) replicates. Treatment groups were labelled (N0 – N3) according to the level
of N fertiliser applied. N0 received no N throughout the season, in contrast to groups
‘N1’, ‘N2’ and ‘N3’ which received N at rates of 13.3 g, 27.5 g and 52.5 g per plot,
respectively, on a weekly basis, equivalent to 0, 119, 244 and 480 kg N ha-1 annually.
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3.2.1.1 Trial plot - compressed sward height measurement protocol
Subsets of 16 plots, four replicates from each treatment, were selected for weekly
measurement as outlined in Corrall and Fenlon (1978). This enabled the measurement of
a constant number of plots on a weekly basis for a total 27 dates across the growing
season. Measurements of CSH were taken on each plot using the RPM described in
section 2.5.1.1. It was not possible to calculate the absolute mean CSH within each plot
due to the heterogeneous nature of grass, thus the authors aimed to achieve an optimal
estimation, referred to from here on as the ‘true mean’. To best estimate the ‘true mean’
CSH and the variation of CSH within each plot, a blanket sampling scheme was devised
that involved taking the maximum practical number of measures per plot (n = 39).
Measurements were taken over 27 weeks across the 2017 growing season (March –
October). To avoid operator bias and double measurement, a spatially controlled grass
sampling rig (Fermoy Engineering Services, Cork, Ireland) as seen in Figure 1 (b) and
(c), was custom built for this study. The rig comprised of 39 gridded units (360 mm × 360
mm) divided into 13 strata, composed from wire mesh (3 mm Ø), defining all
measurement locations within each plot to within a 3 mm point tolerance. The internal
area of the rig was equal to that of each plot (5 m × 1.2 m) and the outer structure of the
rig comprised of an aluminium box frame (100 mm × 50 mm) that rested on four height
modulating wheels. The wheels enabled the rig to be moved freely between plots. The rig
was then aligned over the timber corner pegs (50 mm × 50 mm) outlining the area of each
plot and levelled using a graduated spirit level.
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Figure 3-1 (a) Controlled trial plot layout plan indicating plot nitrogen (N) treatment groups: N0 = 0
g plot-1, N1 = 13.3 g plot-1, N2 = 27.5 g plot-1 and N3 = 52.5 g plot-1; (b) grass sample rig schematic
plan with all (n = 39) measurement locations defined; (c) grass sampling rig image

Once measurements were complete, herbage cuts to 40 mm were performed on each of
the plots using an Etesia mechanical mower (Etesia UK Ltd. Warwick, UK). Harvested
herbage was weighed, subsampled and analysed for DM concentration to determine HM,
in the Teagasc Moorepark Grassland Laboratory, as described in McEvoy et al., (2011).

3.2.2

Grazed paddock study

Based upon the experimental framework established on the controlled trial plot study in
2017, a scaled up experiment was conducted on grazed paddocks at Moorepark during
the 2018 grazing season. Six one ha paddocks (Figure 3-2) were selected, which were
sown in 2012 (Egan et al., 2018) and were part of an on-going trial outlined in Hurley et
al., (2018). The trial comprised of three paddock treatments (G250, CL100 and CL150),
with each containing two replicates (A, B). The G250 paddocks were sown with 100%
PRG cultivar swards with a N fertilisation rate of 250 kg ha-1 per annum. The CL150 and
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CL100 paddocks were both sown with an 85%:15% mix of PRG and WC and had N
fertilisation rates of 150 kg N ha-1 and 100 kg N ha-1 per annum, respectively.

Figure 3-2 Satellite image of Moorepark grazed paddock trial – representative stratum area
highlighted in grey hatch

Paddock treatments were grazed simultaneously by three cow groups (n = 17) maintained
at a stocking rate of 2.75 cows ha-1, with a daily pasture allowance of 18 kg DM cow-1.
This was achieved by subdividing each paddock into eight hour grazing blocks partitioned
by temporary fence wire. All paddocks were rotationally grazed at a targeted pre-grazing
HM of between 1,400 – 1,600 kg DM ha-1, with a target post grazing height of 40 mm.
All measurements were taken within 24 h pre-grazing, on 12 dates between the months
of April and October 2018.

3.2.2.1 Grazed paddock study – compressed sward height measurement protocol
Similar to the measurement protocol outlined for the controlled trial plots in section
3.2.1.1, the aim of this study was to achieve the best estimation of ‘true mean’ CSH and
CSH variation within each paddock. This was achieved by blanket measuring each
paddock with the RPM by performing the maximum practical number of measures (n =
320 ha-1), which were distributed as evenly as possible throughout each pasture. The
RPM’s inbuilt GNSS (global navigation satellite system) was utilised to divide each
paddock into nine 22 m × 50 m strata, represented by the hatched area in Figure 3-2,
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which were mapped as an individual measurement area. Prior to grazing, 35 - 40 CSH
measurements were taken in a ‘zig zag’ pattern every three to four paces within each of
the strata using the RPM. When performing the measurements, the real-time
measurement map interface on the RPM smart phone application was used as a guide to
ensure the most even practicable distribution of measurements throughout each stratum.
Dung patches and heavily poached areas were avoided to reduce erroneous
measurements.

3.2.2.2 Grazed paddock study – herbage cuts sampling protocol
Directly after the CSH measurements, reference herbage cuts were performed on each
paddock to estimate ‘true mean’ HM and HM variation within each paddock. Random
stratified sampling was selected as the most suitable method to select cut locations, as
described in section 2.3.3.3. This sampling strategy enabled non-biased, spatially
balanced estimates of mean HM within paddocks to be calculated, along with withinstrata variances that were representative of the spatial heterogeneity of HM within each
paddock. Range poles were used to divide each paddock into nine 22 m × 50 m strata
(Figure 3-2) along the long dimension of each paddock, to enable a stratified sampling
regime to be implemented. GIS software (QGIS Development Team, 2018) was used to
generate a random stratified HM sampling scheme. Each paddock stratum was subdivided into two square grids (22 m × 25 m) and one sample per grid was selected
randomly using the QGIS random point generator tool. This resulted in two random
samples per strata and a total of 18 sample locations ha-1, twice the number recommended
by Jordan et al., (2003) for silage fields. Herbage sampling points were located to within
± 300 mm in the paddocks using a Trimble Catalyst GPS rover (Trimble Inc., Sunnyvale,
CA, USA) operated in sub-meter mode, using the Irish Transverse Mercator ITM co132
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ordinate system (OSI, 2008). Herbage cuts were taken using an Etesia mechanical mower
(Etesia UK., Warwick, UK). The harvested herbage was weighed, subsampled, oven dried
and analysed as in the controlled plot trial in 2017, and the cut locations were rerandomised between each sampling event.

3.2.3

Compressed sward height measurement repeatability study

Measurement repeatability, as defined in section 2.3.3, is a parameter of systematic
measurement error. The repeatability of CSH measurements recorded by the RPM was
assessed on nine dates across the 2018 and 2019 grazing seasons. A 500 mm × 500 mm
quadrat was placed on a representative area of one plot, selected at random, from each
treatment group of the trial plots described in section 3.2.1. Measurements were
performed prior to carrying out the weekly trial work described in section 3.2.1. Repeated
CSH measurements (n = 35) were carried out on pre-compressed grass within the area of
the quadrat by the same observer to ensure measurement conditions were maintained.
Grass samples were pre-compressed by placing the RPM plate on the selected
measurement area on 5 consecutive occasions to reduce the initial elastic resistance of the
sward to the weight of the plate. This was done to reduce the effect of sward canopy
elasticity as a factor in determining the repeatability of CSH measurements.

3.2.4

Data analysis

3.2.4.1 Data processing
All statistical analyses were performed using R (R Core Team, 2018) and Microsoft Excel
(2010). Box and whisker analysis (Tukey, 1977) was performed on all data sets to remove
any extreme outliers. Continuous variables including CSH and HM were tested for
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normality for each dataset by means of the Shapiro–Wilk test. Distributions that were
found to be not normally distributed underwent log transformation prior to further
statistical analysis. Box and whisker analysis revealed two extreme outlier sampling
events for datasets recorded in paddocks 38A and 38C on the 27th and 26th of July, 2018.
These measurements were recorded during severe drought conditions and were removed
from the dataset prior to significance testing.

3.2.4.2 Sward heterogeneity analysis
Spatial heterogeneity of both HM and CSH was expressed in terms of CV. The SD was
determined as the square root of the total pasture variance (𝜎 2 ), which was a combination
of the within-stratum variances (𝜎𝑘2 ). Equations for all spatial heterogeneity analysis
parameters were outlined in section 2.2.3. The seasonality and sward treatment effects on
CSH heterogeneity between plots and paddocks were assessed by means of analysis of
variance (ANOVA), with CV of CSH as the dependent variable and treatment group and
month as factors. ‘True’ within-sward heterogeneity in terms of HM CV was included as
an additional factor for paddock CSH CV analysis. Post-hoc analyses of ANOVA results
were then performed to obtain more detail on these effects. Likewise, the effects that
treatment and seasonality had on HM CV for paddock cut dates in 2018 were also
assessed using the same methods. Pearson’s Product-Moment Correlation (section
2.6.4.1) was then used to evaluate if there was a relationship between within-sward HM
CV and CSH CV. This was done to investigate if CSH measurements could be used to
estimate HM variation within grazed paddocks.
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3.2.4.3 Compressed sward height measurement rate error analysis
To explore the relationship between the number of CSH measurements and mean CSH
prediction error, simulated retrospective measurement rate reduction was carried out on
each plot and paddock dataset. ‘True mean’ CSH was taken as the mean of all height
measurements performed within each plot (n = 39) and paddock (n = 320) for each
measurement date. A randomisation algorithm, on Visual Basic for Applications
(Microsoft, 2010), was employed to retrospectively remove CSH measures from each
dataset. Measurement data points were randomly removed from each plot and paddock
stratum incrementally, to simulate random stratified sampling strategies of deprecating
measurement rates, as in Hutchinson et al., (2016) and Jordan et al., (2003). Random
stratified sampling was selected as the process for simulating the reduction of
measurement frequency as it gave non-biased and spatially balanced predictions of mean
CSH for each simulated measurement rate. Mean CSH was then re-calculated for each
simulated measurement rate and the difference from the ‘true mean’ CSH was used to
determine measurement rate error, which was expressed as the RPE of the ‘true mean’
(section 2.3.3).
For the controlled plot trial CSH datasets, the data collected from all 16 plots, across each
of the four treatment groups, for each measurement date were pooled to simulate a small
scale paddock (area = 96 m2) with prominent sward heterogeneity resulting from the
variation of N fertiliser applied between treatment groups. Simulated paddocks were
created on Excel to carry out retrospective measurement rate reduction analysis. ‘True
mean’ CSH was calculated from all 624 pooled measurements taken across all sampled
plots on each date. Simulated reduced measurement rates (N = 416, 208, 96, 64, 16, 4, 1)
were created by randomly removing recorded data points in increments from each of the
13 strata within the sampling rig. Simulated measurement frequencies were then plotted
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against corresponding error values to model the relationship between plot CSH
measurement rate and error. Likewise, for each paddock sampling event, the entire CSH
dataset (n = 320) was used to determine ‘true mean’ sward height and reduced
measurement rates (N = 280, 240, 200, 160, 120, 80, 40, 32, 24, 16, 8, 1) were created
by retrospectively removing random data points from each of the nine strata within each
paddock and the relationship between paddock CSH measurement rate and error was then
modelled. Measurement rate and error relationships for the plots and paddocks were
modelled by fitting a power function curve to the data (section 2.3.3.2).

3.2.4.4 Repeatability Analysis
Repeatability of CSH measurements was assessed in terms of variance (σ2) between the
35 measurements taken within a quadrat across each of the four plot treatment groups and
nine sampling dates, resulting in 36 individual datasets. Measurement error was
determined as the variance of CSH measures about the mean within each dataset. Residual
data was used to determine measurement variance. The 95% confidence interval of the
measurement variance was then calculated to determine the probability of repeatability
error (section 2.3.3). Possible factors that affect measurement repeatability, in terms of
CSH variance between repeated measures, namely season and treatment and the
interaction between both were assessed. An ANOVA was performed on the combined
dataset of all treatment groups measured on the nine dates spanning the 2018 and 2019
growing seasons. This data was tested for normality by firstly plotting a histogram and
then performing a Shapiro-Wilk test. The data were found to be severely right skewed. A
log transformation was then performed on the combined variance data to enable it to meet
the conditions of normality (P = 0.341) for parametric testing.
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3.3 Results

3.3.1

Descriptive statistics

3.3.1.1 Controlled trial plots
In total n = 405 herbage cuts were carried out and n = 15,795 CSH measurements were
taken on the controlled trial plots between March and October of the 2017 grass growing
season. A summary of the data gathered from the trial plots in 2017 is presented in Table
3-1. On average, HM and CSH increased relative to the amount of N fertilizer applied to
the treatment groups. Mean HM and mean CSH were greatest on the N3 treatment plots
(1,764 kg DM ha-1 (σ = 677 kg DM ha-1) and 103 mm (σ = 31 mm), respectively) and
least for the N0 plots (739 kg DM ha-1 (σ = 363 kg DM ha-1) and 64 mm (σ = 17 mm),
respectively). In Figure 3-3, CSH and HM data from each plot treatment group is
averaged across the months of the growing season to illustrate the seasonal variation of
each parameter. Herbage yields and CSH peaked for all plot groups between the months
of May and June and were reduced at either end of the growing season. Across all
treatment groups, HM and CSH was linearly related throughout the season (R² = 0.713,
P ≤ 0.001).
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Table 3-1 Descriptive statistics of controlled trial plot and grazed paddock data for each treatment
group

Treat1

No. of
sampling
occasions

Mean HM2
(kg DM
ha-1)

HM Range
(kg DM ha-1)

HM
σ3

Mean
CSH4
(mm)

CSH Range
(mm)

CSH σ

Controlled Trial Plots 2017
N0

26

739

1998

-

185

363

64

141

-

38

17

N1

24

1172

2287

-

377

410

88

161

-

49

25

N2

26

1399

2375

-

334

540

96

174

-

53

27

N3

26

1764

2984

-

521

677

103

180

-

50

31

Mean

25

1268

2411

-

354

497

88

164

-

48

25

Grazed Paddocks 2018
G250

13

939

2456

-

70

620

78

112

-

49

18

CL150

12

1234

2564

-

102

747

81

130

-

43

22

CL100

12

1098

2075

-

359

593

79

118

-

51

21

Mean

12

1090

2365

-

177

653

80

120

-

48

20

1

N0 = 0 kg N ha-1, N1 = 150 kg N ha-1, N2 = 300 kg N ha-1, G250 = 250 kg N ha-1 CL150 = 150 kg N ha, CL100 = 100 kg N ha-1; 2HM = herbage mass; 3σ = standard deviation; 4CSH = compressed sward
height.
1

138

Evaluation of the precision of the rising plate meter for measuring compressed sward
height on heterogeneous grassland swards

3000
N0 CSH
N1 CSH
N2 CSH
N3 CSH
NO HM
N1 HM
N2 HM
N3 HM

130

CSH (mm)

110

2500

2000

90

1500

70

1000

50

500

30

HM (kg DM ha-1)

150

0
March

April

May

June
July
Month

Aug

Sep

Oct

Figure 3-3 Seasonality of averaged controlled plot trial compressed sward height and herbage mass
data for 2017

3.3.1.2 Grazed paddocks
In total, 37 individual measurement events were carried out on the six grazed paddocks
across 2018, including n = 599 herbage cuts and n = 23,960 CSH measurements. A
summary of the grazed paddock measurement data from 2018 is illustrated in Table 3-1.
The CL150 treatment paddocks had the highest average pre-grazing HM 1,234 kg DM
ha-1 (σ = 747 kg DM ha-1) and CSH 81 mm (σ = 22 mm) across the growing season. In
comparison, the G250 treatment group had the lowest pre-grazing yield of 939 kg DM
ha-1 (σ = 620 kg DM ha-1) and CSH 78 mm (σ = 18 mm). Total mean HM (1,090 kg DM
ha-1) and CSH (80 mm) recorded across all paddocks was lower than the values recorded
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on the controlled plots in 2017 (1,267 kg DM ha-1) (88 mm). Moreover, mean HM was
lower than the target pre-grazing yield range (1,400 – 1,600 kg DM ha-1).
The seasonality of the paddock CSH and HM data is presented in Figure 3-4, which
illustrates a contrasting pattern to the 2017 plot data. Similar to the plot data, HM and
CSH across all treatments were correlated throughout the season (R2 = 0.534, P ≤ 0.001).
Unlike the 2017 data, both values peaked in April and decreased during May and June
before reaching minimum levels in late summer, prior to recovering to near target pregrazing values in the autumn. Target pre-grazing yields were only achieved in April and
late autumn, with a spike in HM on the CL150 paddocks in September. There was a
corresponding increase in CL150 CSH, however this was not as prominent.
130

2500

G250 CSH
CL100 CSH
CL150 CSH

Compressed sward height (mm)

110

2000

G250 HM
CL100 HM

100

CL150 HM

1500

90
80

1000
70
60

Herbage mass (kg DM ha-1)

120

500

50
40

0
April

May

June

July
Month

Aug

Sep

Oct

Figure 3-4 Seasonality of averaged grazed paddock compressed sward height and herbage mass data
for 2018
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3.3.2

Sward heterogeneity analysis

3.3.2.1 Controlled trial plot sward heterogeneity
The boxplots in Figure 3-5 represent the distributions of sward heterogeneity in terms of
total CSH CV for each plot group throughout the growing season. Total average CV
across all plots for the growing season was 15.5%. Average CSH CV across the season
was highest for the N0 treatment plots at 18.0% and appeared to reduce relative to
increased N application for the remaining plot groups (N1 = 15.7%, N2 = 14.9%, N3 =
14.8%). Normality testing revealed that CV data was severely right skewed, consequently
a log10 transformation of CV was performed to enable parametric tests to be employed
for all further statistical analysis.

Figure 3-5 Seasonal boxplot distributions of 2017 controlled trial plot estimated sward heterogeneity
in terms of the coefficient of variation of compressed sward height measurements
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Results from ANOVA tests revealed that the interaction between month and treatment
was not significant. Both month and treatment had significant effects on CSH CV (P <
0.001). The results indicated that CSH CV was much higher (P ≤ 0.001) for the plots
receiving no nitrogen (NO) in comparison to all other treatment groups. Furthermore, plot
CSH CV was significantly greater (P < 0.01, P < 0.05) during March in comparison to
June and September. Likewise, CSH CV was significantly greater (P < 0.05, P < 0.001,
P < 0.01, P < 0.001) in April in comparison to May, June, July and September. The
relationship between CSH CV and CSH was assessed to investigate if sward variation
was dependent on CSH, however, no significant correlation was found.

3.3.2.2 Grazed paddock sward heterogeneity
Unlike the controlled trial plot experiment in 2017, sward heterogeneity of grazed
paddocks was defined by two parameters; estimated sward variation in terms of CSH CV
and ‘true’ sward variation as defined by sample cut HM CV. Shapiro-Wilk analysis
indicated that both datasets were near normally distributed. Boxplots depicting the
seasonal distributions of both CSH and HM CV for the grazed paddock trials in 2018 are
shown in Figure 3-6 and Figure 3-7.
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Figure 3-6 Seasonal boxplot distributions of 2018 grazed paddock estimated sward heterogeneity in
terms of the coefficient of variation of compressed sward height measurements

Figure 3-7 Seasonal boxplot distributions of 2018 grazed paddock ‘true’ sward heterogeneity in terms
of the coefficient of variation of herbage mass measurements
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Mean CSH variation for the paddocks across the 2018 season (Figure 3-6) was almost
double (28.6%) the variation recorded on the trial plots in 2017 (Figure 3-5). Unlike the
relatively static seasonality of CSH CV in the plots, CSH heterogeneity tended to be less
on the paddocks at either end of the growing season. Average CSH CV was greatest
throughout the season within the CL100 treatment group (30.1%) in comparison to the
CL150 (28.5%) and the G250 (27.5%) groups.
ANOVA results indicated that treatment group (P < 0.05), HM CV (P < 0.05) and month
(P < 0.001) had significant effects on CSH CV. Post hoc analyses revealed that variation
was greater (P < 0.05) on the CL100 paddocks in comparison to the G250 treatment
group, however, there was no significant difference between either of these groups and
the CL150 paddocks. Average CSH CV was significantly lower in April (P < 0.05, P <
0.01, P < 0.001, P < 0.001, P < 0.05) in comparison to May, June, July, August and
October. Variation was also higher in August in comparison to June and September (P <
0.05, P < 0.01) and in July in comparison to May, September and October (P < 0.05, P <
0.01, P < 0.05). Unlike the findings in the plot study, a moderate negative linear
relationship (R2 = 0.358, P < 0.001) existed between CSH and CSH CV, indicating
variation increased at lower sward heights.
‘True’ within-sward variation in terms of HM CV, illustrated in Figure 3-7, was on
average greater than paddock CSH CV (Figure 3-6) throughout the year, with distinctly
larger inter quartile ranges and boundaries for all monthly boxplots. Mean HM CV across
all grazed paddocks for 2018 was 36.0% and peaked during July at 73.1%. The CL100
paddocks had the highest annual HM CV (38.9%) in comparison to the CL150 (37.0%)
and G250 (33.5%) groups, respectively.
ANOVA results showed that treatment (P < 0.05) and month (P < 0.001) had significant
effects on HM heterogeneity. Post-hoc analysis showed that HM CV was significantly
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greater (P < 0.05) on the CL150 paddocks in comparison to the G250 treatment group
and that HM CV was also significantly greater (P ≤ 0.01) in the months of July and August
compared with all other months across all treatment groups. Furthermore, HM CV was
significantly less in April (P < 0.020) compared with October. A test for correlation
between paddock HM CV and CSH CV resulted in a moderate linear relationship (R2 =
0.393, P < 0.001) between both variables, indicating that HM CV increased proportionally
with CSH CV.

3.3.3

Compressed sward height measurement rate error analysis

Power functions curves relating the number of CSH measurements and percentage
estimation error of ‘true mean’ CSH, for the simulated small scale paddock created from
the 2017 plot data and for each paddock treatment group in 2018 are shown in Figure 8.
It was evident that the error to measurement rate relationship formulated from the
combined controlled plot data was lower than all of the paddock treatment relationships,
indicating that a lower rate of error was achievable using a lower measurement rate on
the plots. The difference in relationships between the grazed paddock treatment groups
was less evident and only distinguishable by comparing the power function for each
curve.
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Figure 3-8 Relationships between the number of plate meter measurements and mean compressed
sward height prediction error for 2017 plot data and 2018 paddock data, including power functions
for each curve

The functions shown in Figure 3-8 were then used to estimate required CSH measurement
numbers in accordance with practical target accuracies, which are summarised in Table
3-2. A targeted level of accuracy of within 20% error could be achieved by sampling to a
rate of 1 measurement ha-1 across all paddock groups and on the plots. A target sampling
accuracy of within 10% error could be achieved by sampling at a rate of 5 measurements
ha-1 on all paddocks, whereas for the plots this could be achieved at a rate 2 measurements
ha-1. Measuring to a rate of between 22 - 24 measurements ha-1 for the paddocks and 7
measurements ha-1 for the plots is required to achieve an estimated error within 5%. For
all treatment groups, the main reduction in error occurred as the measurement number
was increased from 0 – 40; this is where the main points of inflection for all curves existed
and error decreased from 100% to ≤ 4% across all groups in Figure 3-8. Sampling at rates
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of 32 – 280 measurements ha-1 for paddocks and 21 – 280 measurements ha-1 for plots
resulted in a much lower rate of reduction in error of approximately 4% - 1%.

Table 3-2 Summary of estimated CSH measurement rates required to achieve targeted mean CSH
accuracy levels for grazed paddock treatment groups and simulated small scale paddock (plots)

Treatment
G250
CL150
CL100
Plots

3.3.4

20%
1
1
1
1

Error %
10%
5
5
5
2

5%
24
22
23
7

Repeatability study

Measurement repeatability ANOVA results indicated that nitrogen treatment did not have
an effect on CSH variance, unlike measurement month which had a significant effect (P
< 0.01). Average variance across all treatment groups for each test date is summarised in
Figure 3-9. There was minimal fluctuation in measurement variance amongst the majority
of test dates (Average σ2 = 36.89), except for the maximum measurement variance
recorded across all plot groups in May 2019 (σ2 = 166.51). Minimum variance was
recorded across all plots in July 2019 (σ2 = 11.14)
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Figure 3-9 Average variance of repeated CSH measurements across all plot treatments, for each test
date in 2018 and 2019

Average variance data across treatment groups and repeatability test dates was combined
to determine overall measurement system variance. Mean CSH measurement
repeatability variance (σ2 = 18.84) was back transformed from the log transformed
dataset. The mean SD of repeated measures was found to be 4.34 mm, within a 95%
confidence interval between 11.39 mm and 1.65 mm.

3.4 Discussion
The objectives of this chapter were to 1) quantify sward heterogeneity and determine the
factors that affect it, 2) establish the number of RPM measures required to estimate HM
and HM heterogeneity and 3) evaluate the repeatability of RPM measures. The outcomes
of this chapter will be used to inform the design of grass measurement protocols for Irish
pasture (Chapter 6), with the aim of optimising measurement precision and labour
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efficiency. The experimental framework for this chapter was developed from the
controlled plot study in 2017, where there was greater control of sward management
factors and small scale variations in CSH could be investigated. This work ultimately led
to the experimental design for the grazed paddock trial in 2018, which essentially was an
extrapolation of the plot trial experiment modified to represent the grazing conditions of
a typical Irish pasture-based dairying system.

3.4.1

Controlled trial plot and grazed paddock studies measurement data

For the controlled trial plot study, one of the largest factors to influence sward
heterogeneity, animal grazing, was omitted. The authors acknowledge that controlled trial
plots may not present a completely accurate representation of commercial scale grazed
paddocks in terms of heterogeneity. However, the impacts of fertilisation and seasonal
climate conditions on heterogeneity could be examined in greater detail on the plots,
whereas their full effects on the dynamics of the sward may otherwise have been
overshadowed by the large variation caused by grazing conditions.
The 2017 data illustrated in Figure 3-3 outlines the seasonality of CSH and HM yields
across all plot groups throughout a typical Irish grazing season, peaking between May
and June with a steep decline in July before a more gradual decline at either end of the
season, as defined in numerous other studies (Hanrahan et al., 2017; Hurtado-Uria et al.,
2013; O’ Neill et al., 2013). There was an evident contrast in the seasonality of the data
captured during the 2018 grazed paddock trial, as seen in Figure 3-4. In 2018, grass
growth in terms of both HM and CSH peaked across all paddock groups in April and
steadily declined throughout the summer, before reaching minimum levels in July and
August. Growth conditions then returned close to seasonal averages in September. This
deviation from typical annual growing conditions occurred largely due to the severe
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drought conditions experienced in Ireland during the summer of 2018. Total rainfall for
the months of June and July, recorded at the onsite meteorological station at Moorepark
were 46% and 69% below the long term average, respectively (Met Éireann, 2018).
Consequently, a number of planned measurement dates had to be rescheduled or cancelled
due to the cows being fed grass silage during the height of the drought period in order to
maintain their milk yields and DMI via substituted feed sources. The data from two
measurement dates that occurred during the drought period were identified as outliers
(section 3.2.4.1) and omitted from this study. Furthermore, it is noted that the drought
conditions may have been a factor in the non-achievement of targeted pre-grazing covers
of 1400 – 1600 kg DM ha-1 on several dates on all paddocks throughout the season.
Average pre-grazing HM yield across all paddock groups (1,090 kg DM ha-1) was well
below typical annual averages (1,920 kg DM ha-1) on Irish dairy farms (Hanrahan et al.,
2017). A further reason for the difference between targeted and recorded covers may have
resulted from systemic overestimation of targeted HM, as a consequence of measurement
error. Paddocks were selected for grazing adequacy by traditional means of herbage
estimation independent of this study, namely a combination of RPM measures and VE.
Therefore it is possible that the lack of a precise protocol for pre-grazing measurements
may have further influenced the overestimation of targeted pre-grazing yield across the
season, as discussed in section 2.3.2.4. This highlights the need for a robust measurement
protocol that minimises operator subjectivity and measurement error.
Both CSH and HM yields in the controlled plots were proportional to the rate of N
fertilisation throughout the season. In contrast to this, average CSH and HM yields were
highest in the grazed paddock study on the CL150 paddocks compared with the G250
treatment group, which received the most nitrogen. This may have been a consequence
of the prolonged high temperatures contributing to more optimum stem and leaf
150

Evaluation of the precision of the rising plate meter for measuring compressed sward
height on heterogeneous grassland swards
development in WC (Black et al., 2009) within the CL150 treatment group and therefore
greater yields of HM in comparison with the ‘grass only’ swards. Furthermore, these
findings were in agreement with Enriquez-Hidalgo et al., (2018) who found that PRG/WC
sward mixtures can produce greater HM yield under tight grazing management. The spike
in HM yield on the CL150 treatment group in September, evident in Figure 3-4, may also
be explained by the high presence of clover, which peaks in late summer (Humphreys and
Lawless, 2006). A less prominent reciprocal increase in CSH was observed in the same
treatment on that date, possibly due to the lower canopy height of clover that was not
accounted for by RPM measurements.

3.4.2

Grassland sward heterogeneity

With regard to sward heterogeneity in terms of CSH CV, this was significantly higher (P
< 0.001) on the NO treatment plots in comparison with all other treatment groups
throughout the growing season. This was largely due to the reduced levels of N available
to the sward, in turn resulting in lower yields of HM and CSH, as reported by Delaby et
al., (1998). Poorer persistence of PRG on the NO plots may have resulted in an observed
increased presence of weeds, which may have caused greater variation in CSH
measurements at lower sward heights. This may further explain why variation was higher
in March and April across all plots in comparison with many of the other months, as CSH
was on average lower across all treatment groups during this period.
Similar to the plot results, CSH CV for the grazed paddocks was significantly higher (P
< 0.05) for the CL100 treatment (30.1%), which received less N fertiliser, compared with
the G250 (27.5%) group. These findings differed from the analysis of the ‘true’ sward
heterogeneity in terms of HM CV calculated from the herbage cuts, which found that
variation was significantly greater on the CL150 treatment (P = 0.03)(37.0%) in
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comparison with the G250 treatment (G250 = 33.5%). This increase in heterogeneity was
most likely linked to the presence of clover combined with the lower rate of N
fertilisation, as variation for both HM and CSH was greater on the clover treatments in
comparison to the ‘grass only’ paddocks. The absence of a significant difference in
variance between the clover paddocks may be due to the relatively small difference in
average annual clover content between the treatments (CL100 = 18.4%, CL150 = 18.6%).
Barthram et al., (2005) found higher variability in unfertilised swards in a similar study
and suggested that higher rates of N fertilisation reduced the effect of disproportionately
taller grasses that grow around dung and urine deposits.
On the plots, CSH CV was greatest in March and April in comparison to the paddock
study where it was greatest in August and July. Grazed paddock HM analysis also found
HM CV to be greater in July and August. One possible explanation for the difference in
seasonal effects between the plots and paddocks may have been the drought conditions
in summer 2018, as previously mentioned. Growth rates in 2018 were near typical for
Irish conditions in late spring but steadily declined into the summer. However, the
increase in sward variation in late summer was in agreement with several other studies
(Barthram et al., 2005; Jordan et al., 2003; Klootwijk et al., 2019a), which found that
sward variation increased as the growing season progressed in PRG dominant pastures.
One prominent reason for this is the morphological changes that occur in the PRG plant,
as discussed in section 2.2.4. Another cause may be the increase in dung and urine patches
as the frequency of grazing increases throughout the season (section 2.2.6), which can
increase by 20% on intensely grazed pastures (Klootwijk et al., 2019a). These findings
indicate that sward heterogeneity does vary significantly throughout the season and
increases further during drought conditions, which may become more common in Ireland
in the future as consequence of climate change. Seasonal changes in sward heterogeneity
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will need to be considered when designing a grass measurement protocol and
recommended measurement rates may need to be seasonally dynamic to account for these
fluctuations. The authors recommend that a more long term study over a number of
grazing seasons is needed to gather more detail on the seasonal effects relating to sward
heterogeneity. Furthermore, more data is required to define sward heterogeneity
characteristics earlier in the grazing season, such as in the months of February and March.
Analysis investigating if CSH heterogeneity was correlated to CSH did not show a
considerable relationship within the plots. However, a relationship was found between
CSH CV and CSH within the paddocks (R2 = 0.36, P < 0.001), possibly due to the greater
spread within the dataset as a result of the greater sward variation within the paddocks in
comparison with the plots. These findings along with the positive linear relationship
between CSH CV and HM CV (R2 = 0.39, P < 0.001) suggest that sward heterogeneity is
greater when sward cover in terms of both HM and CSH is low, which is in agreement
with findings made by Hirata (2000). The moderate linear relationship between CSH CV
and HM CV suggests that it is possibly to predict HM variation within pastures using the
RPM. Therefore, a robust RPM measurement protocol could be used to quantify HM
heterogeneity within grazed paddocks, to enable more precise herbage allocation and
utilisation.
On average CSH heterogeneity across all paddock groups (28.6%) was approximately
double the CSH CV recorded on the plots (15.6%). This increase in heterogeneity may
largely be a result of animal interaction with the sward, both in terms of behaviour and
grazing intensity, which is similar to findings made by Evans et al., (1998). Cows will
selectively graze more palatable areas of grass and avoid areas spoiled by dung patches
and urination (Bosker et al., 2002; Verwer et al., 2016). Furthermore, areas heavily
poached when grazing during wet weather will have poor regrowth, which in turn will
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result in increased heterogeneity (section 2.2.6). Prolonged cold and wet weather
persisted in spring 2018 and considerable poaching was observed after the first
measurement dates in April. Furthermore, despite the structured measurement protocol in
place, measurement error by means such as unintentionally not placing the RPM plate
directly perpendicular to the sward or dropping the staff into poached holes were more
likely to occur on grazed pastures. This may have occurred as a result of the relative larger
measurement domain and the increase in the number of required measurements (Thomson
et al., 2001).
With regard to ‘true’ sward variation in terms of HM CV, average within sward HM CV
(36%) was greater across all paddocks in comparison to CSH CV (28.6%). Within
paddock HM CV should give a stronger indication of ‘true’ sward heterogeneity in
comparison with CSH CV, as it is a direct measure of HM yield. Conversely, the source
of some of the greater within-paddock variability could be the reduced number of samples
taken (n = 18 ha-1) in comparison with the number of CSH measurements (n = 320 ha-1).
Variation between measurements will decrease and the mean will approach a normal
distribution as the sample size increases in accordance with the central limit theorem
(Webster and Lark, 2012a). A greater rate of HM sampling might have decreased the HM
CV, although this was not possible due to time and labour constraints. However, 18
samples ha-1 was over double the rate recommended by Jordan et al., (2003), who
proposed a rate of 7 samples ha-1 in a similar study on Irish grasslands. Furthermore,
recorded HM CV was comparable to a number of other similar studies (37%, Nakagami
(2016); 30 - 70%, Barthram et al., (2005); 36 - 54%, Correll et al., (2003); 36 - 54%,
Jordan et al., (2003)). To put the findings of this chapter into perspective, considering an
average HM CV of 36% for a typical Irish pasture with a target mean grazing cover of
1,500 kg DM ha-1, would mean that the actual cover varies by ± 540 kg DM ha-1
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throughout the sward. This level of variation further emphasises the need for a
measurement protocol that can quantify within sward heterogeneity, so that heterogeneity
can in turn be accounted for when allocating areas of herbage to the grazing herd.

3.4.3

Optimum number of compressed sward height measurements

The estimated CSH measurement rates outlined in Table 3-2 highlight the extent of the
similarities in the number of measurements required to accurately predict CSH variation
between the paddock treatment groups, along with the reduction of required measurement
numbers for the controlled plots. The lower measurement number to error relationship
fitted to the plot data in comparison to the paddock relationships is in agreement with
Klootwijk et al., (2019a), who found that lower rates of pasture variation required less
measurements to accurately predict mean CSH. There was little deviation between the
relationships that were fitted to the three paddock groups, which were more applicable to
commercial farm use, as the greater sward heterogeneity caused by grazing conditions
was accounted for. These relationships are similar to those formulated by Hutchinson et
al., (2016) on beef and sheep pastures in the New Zealand hill country. The similarities
between the relationships for each paddock group make it possible to apply the same
targeted measurement rates to a range of pastures for both research and commercial
applications. However, more research needs to be conducted over a number of grass
growing seasons to investigate if the presented relationships vary significantly annually.
In summary this chapter found that for grazed paddocks, measurement of CSH using the
RPM in a random stratified manner at a rate of 24 - 40 measurements ha-1 would ensure
that error, in terms of mean CSH estimation, is minimised. Furthermore, there is no
evidence to indicate that increasing the number of measurements above the threshold of
40 measurements ha-1 will ensure greater accuracy. This sampling rate is similar to the
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rate of 30 measurements ha-1 recommended by RPM manufacturers and is slightly higher
than Hutchinson et al., (2016), who recommended that a rate of 21 measurements ha-1
was sufficient to estimate mean HM to within 5% error on pastures with estimated cover
< 2000 kg DM ha-1. Thomson et al., (1997) recommended a rate of over 50 measurements
per paddock on New Zealand dairy pastures, however, did not specify paddock area.
Klootwijk et al., (2019a) recommended a much higher rate of 84 - 95 measurements for
small scale compartmentalised and strip grazed pastures in intensive dairy systems in the
Netherlands, with the aim of achieving absolute minimum error. Conversely, the findings
of this study indicate that sampling at such an intensity leads to a diminishing rate of
returns in terms of error reduction. Performing 24 measurement ha-1 using a random
stratified sampling approach ensures optimum RPM precision and labour efficiency, as
further increases in measurement rate and effort result in minimal reductions in error.
These findings will be further utilised in chapter 6 to form easy to use measurement
protocols for farmers to follow, with the aim of optimising grass measurement practices
on Irish pasture-based farms.

3.4.4

Rising plate meter measurement repeatability

In terms of the accuracy of the RPM measurement system, variance amongst repeated
measures was relatively static across the season, apart from the measurements taken in
May 2019. The spike in variance in this period may have been caused by the change in
morphology in the PRG plant during this period (section 2.2.4). To understand this
increase in variance, more research is required to study the repeatability of RPM measures
on PRG in May and June during its transition into the reproductive growth stage. Over
the entire test period, average RPM repeatability error in terms of SD was 4.34 mm. This
error is much lower than that of Earle and McGowan (1979), who reported SD of repeated
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measures within grass plots in the region of 18 mm – 25 mm and is also lower than the
standard measurement unit of 5 mm for most conventional RPM models. Measurement
repeatability and measurement rate errors can now be combined with HM calibration
error to estimate overall RPM accuracy. Defining overall RPM accuracy would further
enable errors to be accounted for when allocating herbage, therefore error analysis will
be an integral part of the measurement protocol design resulting from this chapter.

3.5 Conclusion
The main findings of this chapter with regard to evaluating the precision of the RPM for
measuring CSH on heterogeneous grassland swards were as follows:
•

Average within pasture heterogeneity on grazed paddocks, in terms of herbage
mass, varied by 36% across the growing season

•

The factors that affect sward variation were defined as animal grazing,
fertilisation, sward composition and seasonality

•

The RPM can estimate pasture compressed height to within 5% error, once
measurements are taken in a random stratified manner throughout a paddock at a
rate of 24 measurements ha-1

•

Rising plate meter precision in terms of the SD of measurement repeatability was
calculated to be 4.34 mm
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4 Utilising grassland management
and

climate

data

for

more

accurate prediction of herbage
mass using the rising plate meter

4.1 Introduction
As stated in chapter 3 the three main limiting factors of RPM measurement accuracy are
protocol, system and calibration error. The first two factors were dealt with in the previous
chapter and this chapter will focus on RPM HM calibration error. As highlighted in
section 2.6.2 variations in accuracy of HM prediction can be caused by seasonal,
management and sward characteristic factors. Simple linear regression is the established
method of predicting HM from CSH measurements on Irish pastures. However, utilising
meteorological and pasture management data in addition to CSH, by means of MLR, may
increase HM prediction accuracy. Recently developed grassland management DSTs, such
as PBI (section 2.2.3), are capable of utilising a range grassland management data for
parameters including fertilisation rates, grazing events and soil conditions to evaluate
current pasture conditions and allow farmers to make informed grassland management
decisions. Moreover, an RPM with automated data storage and processing capabilities,
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which can automatically link CSH data to a cloud based DST has been recently developed
(section 2.5.1). Currently, PBI predicts HM from CSH measurements (uploaded by
farmers) using a SLR that is averaged across the growing season. Increasing the HM
prediction accuracy of the RPM could add value to a DST such as PBI. Grass growth
models have been developed using local meteorological data to predict growth over
prolonged time periods. In the near future, on-farm sensor technologies could provide
data on local meteorological conditions to increase HM prediction accuracy (section
2.5.4).
A search of the literature has not identified any studies that have utilised real-time weather
data and pasture management information in combination with the RPM to predict HM.
This chapter aims to utilise readily available data from a range of on-farm grassland
management and meteorological variables in combination with CSH measurement data,
using MLR to predict HM more accurately within pastures in real-time throughout the
grass growing season.
The objectives of this chapter were to:
1) develop RPM HM prediction models, including and excluding meteorological
variables, specific to Irish grasslands and compare their prediction performance to
current models used by Irish farmers
2) analyse the impact of each selected variable on predicting HM using standardised
regression analysis
3) assess the monthly prediction bias of the developed models to determine seasonal
factors that may influence model performance.
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4.2 Materials and methods
Data were collected on PRG grazed paddocks (1 ha) (n = 171), grazed trial plots (10 m2)
(n = 379) and controlled trial plots (6 m2) (n = 1427) over three grazing seasons between
March 2017 and October 2019 at Moorepark. The controlled trial plot N treatment groups
were previously described in section 3.2.1., whereas the grazed plots and paddocks
received 300 kg ha-1 and 250 kg ha-1 of N per annum, respectively.

4.2.1.1 Grass measurement data
Compressed sward height measurements (n = 10) were taken in each plot and at selected
reference locations within the paddocks, pre and post herbage cutting, using the RPM
outlined in section 2.5.1.1. Herbage cuts were taken at each measurement location within
the plots and paddocks, with sub-samples taken for DM analysis to determine HM, as
described in section 3.2. Meteorological data for each measurement event were captured
by the on-site Met Éireann synoptic weather station at Moorepark.

4.2.2

Data processing

Pre-processing of measurement data was performed and extreme outliers were removed,
as described in 3.2.4. Additional outlier analysis was conducted by plotting CSH
measurements against reference HM data. Data that rested outside 3σ of the least squares
linear relationship between both variables were removed. Total outliers removed equated
to 3.52% of the total dataset. Erroneous CSH measurements may have occurred due to
the reasons previously outlined is section 3.4.2. All further statistical analyses were
carried out using MATLAB (MathWorks, 2016). A process flow chart outlining the steps
of the MLR development process can be seen in Figure 4-1.
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Figure 4-1 Process flow chart of multiple linear regression process

4.2.3

Variable selection

In total, 17 variables were assessed for MLR development. Variable descriptive statistics
are presented in Table 4-1. Selected variables included both grass-based measurements
and meteorological data. The initial variable selection criteria was that the data could be
easily acquired from either basic inputs on PBI, or other online databases and did not
require additional measurement effort. Over the three grazing seasons, the mean CSH
equalled 82.09 mm (range 204.20 - 26.20 mm) ± 32.43 mm, across all plots and paddocks.
Likewise, mean HM equalled 1,302 kg DM ha-1 (range 4,082 – 35 kg DM ha-1) ± 738 kg
DM ha-1. Further selected variables included standard inputs in PBI, namely annual N
fertilisation rate (kg ha-1), measurement month, week number from the 1st of January and
grazing rotation number. The rotation number referred to the numerical order in which
grazings had been repeated in the same paddock within a season. An additional variable
for grass DM was further included, as DM was used to predict HM in a number of similar
studies (Table 2-2) and portable sensing devices that measure DM are under development
for use on grassland farms (Section 2.5). Meteorological data were provided by Met
Éireann (Éireann, 2019) and downloaded in daily resolution. The data included maximum
air temperature (°C), minimum air temperature (°C), grass minimum temperature (°C),
precipitation (mm), atmospheric pressure (hPa), wind speed (kt), mean 10 cm soil

161

Utilising grassland management and climate data for more accurate prediction of herbage
mass using the rising plate meter
temperature (°C), potential evapotranspiration (mm), evaporation (mm), soil moisture
deficit (mm) and global radiation (J cm-2).
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Table 4-1 Population description of grass and meteorological variables
Variable

n

Min

Mean

Median

Max

IQR

SD

SEM

1,977

26.20

82.09

77.30

204.20

41.70

32.43

0.73

-

9.50

19.15

18.90

35.70

4.90

3.74

0.08

-

0

225

244

480

181

162

3.65

HM (kg DM ha )

-

35

1,302

1,183

4,082

990

738

17

Rotation no.

-

1

5

5

10

5

3

0.06

Week no.

-

4

25

25

43

18

11

0.24

CSH (mm)
DM (%)
Fert (kg N ha-1)
-1

Meteorological Variables
Cbl (hPa)

-

979

1,011

1,013

1,035

9.20

9.63

0.22

Evap (mm)

-

0.40

2.78

2.70

6.70

2.50

1.44

0.03

G min (°C)

-

-6.30

6.62

7.60

17.20

8.53

5.18

0.12

Glo rad (J cm-2)

-

0.00

1,316

1,253

2,861

1,069

712

16.02

Max tp (°C)

-

3.50

16.46

16.40

27.10

5.80

4.32

0.10

Min tp (°C)

-

-2.80

7.86

7.90

17.70

6.10

4.38

0.10

Pe (mm)

-

0.30

2.02

1.90

5.20

1.70

1.04

0.02

Rain (mm)

-

0.00

2.17

0.10

56.20

1.00

6.44

0.14

Smd wd (mm)

-

0.00

18.14

12.30

78.40

30.40

18.99

0.43

Soil Temp (°C)

-

2.27

13.92

14.26

23.84

6.88

4.42

0.10

Wdsp (kt)

-

2.20

13.58

5.20

1,005.10

3.40

89.61

2.02

IQR = Inter-quartile range, SD = Standard deviation, SEM = Standard error of the mean, CSH = compressed sward height, DM
= dry matter, Fert = annual nitrogen fertilisation rate, HM = reference cut herbage mass, Cbl = mean atmospheric pressure, Evap
= evaporation, G min = grass minimum temperature, Glorad = global radiation, Max tp = maximum air temperature, Min tp =
minimum air temperature, Pe = potential evapotranspiration, Rain = precipitation amount, Smd wd = soil moisture deficit on
well-drained soil, Soil Temp = mean 10 cm soil temperature, Wdsp = mean wind speed

4.2.3.1

Sequential backward variable selection

Variable selection was necessary prior to MLR development to remove redundant
variables that may have reduced model performance by over-fitting and increased
measurement and data processing effort. This was done by BSS as described in section
2.6.5.2.

4.2.4

All subsets regression

All subsets regression (ASR) was utilised to create MLR models for all possible subsets
of the selected variables (selected by BSS). This method allowed for the optimum subset
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of variables, which maximised prediction accuracy to be identified, while further
allowing for the iterative improvement in prediction accuracy due to the addition of each
additional variable to be analysed. All subsets regression is a computationally exhaustive
procedure used to determine optimum subsets of variables that together, could predict
HM with the greatest accuracy. The number of possible subsets doubles with each
additional variable included in the initial dataset, as defined by Eqn. (2-25)

𝐶 = 2𝑛 − 1

(2-25)

where 𝐶 is the number of possible variable subsets and 𝑛 is the number of variables
included in the initial dataset.

4.2.4.1 Multiple linear regression development
Multiple linear regression was employed to model HM using each ASR variable subset.
The MLR model is described in section 2.6.2. Each model that was developed contained
10 subsets of coefficients, a subset for each measurement month (January – October),
resulting in an individual sub-model for each of the 10 months in the typical Irish grass
growing season.

4.2.4.2 K-fold Cross-validation
Stratified 𝑘-fold cross-validation (𝑘 = 10) was employed during the modelling process to
assess the prediction accuracy of each of the developed ASR models, as described in
section 2.6.6.2. Each model was created by splitting the data into 10 folds, containing an
equal portion of data from each month. The process then consisted of 10 iterations. For
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each of these iterations, one fold containing 10% of the data was designated as a test set
for validation and the remaining nine folds were then used to create the model. The overall
accuracy of each model was then calculated as the mean across all ten folds.

4.2.4.3 Residual analysis
The development of every MLR model for each variable subset and 𝑘-fold iteration
considered the normality of standardised model residuals about zero. More specifically,
model residual values were calculated by comparing the predicted HM values against
reference cut HM values (seen data). The residuals were then standardised in terms of SD
from the mean using Eqn. (2-26).

𝑍=

(𝑥 − 𝑥̅ )
𝜎

(2-26)

where 𝑍 is the residual distance from the mean in terms of SD, 𝑥 is the residual value, 𝑥̅
is the residual mean and 𝜎 the residual SD.
To evaluate the adequacy and fit of each model the standardised residuals were tested for
normality using the one sample Kolmogorov–Smirnov test (K-S test) (p < 0.001). The KS test is a non-parametric test that evaluates the difference between the cumulative
distribution of the sample set in comparison to a hypothetical normal distribution with the
same mean and SD (Massey, 1951). If residuals violated the assumption of normality,
data points with residuals of values greater than 3𝜎 from the mean were deemed outliers
and removed from the dataset, as recommended by Ngo and La Puente (2012). Modelling
and residual analyses were repeated until the normality assumptions were satisfied. If the
standardised residuals remained non-normally distributed after the previous process, then
the SD limit for removing outliers was reduced incrementally by 0.25𝜎 until normality
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was satisfied. The entire validation process was repeated, until each individual fold of the
dataset was used as the unseen test set, resulting in 10 iterations of each ASR model from
which the optimum model was selected.

4.2.5

Simple linear regression

To benchmark the MLR models with monthly coefficients created as part of this study, a
simple linear regression (section 2.6.1) was created from the pooled dataset across the
entirety of the three growing seasons.

4.2.6

Model validation and performance

The 𝑘-fold cross-validation process allowed for prediction accuracy to be calculated for
each MLR model. This process enabled the optimum performing variable subset for
predicting unseen HM data throughout the year to be selected. For the simple linear
model, random stratified cross-validation (section 2.6.6.1) was employed to assess model
performance. Prior to modelling, the pooled dataset was stratified and 20% of the data
were removed from each month to create a blind validation set. The remaining 80% was
used to train the model.
The fundamental criterion for assessing and comparing model prediction accuracy was
RMSE (section 2.6.4.2). The remaining model performance criteria included R2 and RPE,
with model bias assessed by MPE and MSPE (section 2.6.4). These criteria were used in
similar prediction modelling studies (Hanrahan et al., 2017; Nakagami and Itano, 2013;
Sanderson et al., 2001; Shine et al., 2018b). Further comparative analysis was carried out
by processing all of the collected CSH data points through two conventional RPM models
used on pasture-based farms, which were a standard SLR outlined by Defrance et al.,
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(2004) and a pre-existing Irish SLR developed by O’Riordan et al., (1998). Performance
for both models was assessed using the aforementioned criteria.
The individual prediction strength of each MLR variable selected by BSS was assessed
by carrying out a standardised regression analysis. Standardised coefficients were derived
by subtracting variable means from all values. This standardised all data to unit-less
values with means equal to zero and SDs of one, which enabled comparative analysis to
be performed. The standardised coefficients measured the deviation change in predicted
HM per SD change for each predictor variable. Finally, the monthly prediction
performances of models developed in this chapter were compared (in terms of RMSE) to
both the standard and the pre-existing Irish models, to identify possible seasonal patterns
in HM prediction accuracy.

4.3 Results and discussion
The results section is divided into five sub-sections: 1) regression performance; model
variables are selected in order of prediction accuracy and optimum models are listed in
terms of the number of variables included, 2) selected variables; variables selected from
BSS are outlined and discussed, 3) standardised regression analysis; the power of each
selected variable for predicting HM is quantified for comparative analysis, 4) model
comparison; prediction criteria of optimum models created in this study are compared
with traditional models used in industry and 5) accuracy per month; prediction
performances for all models across the grass growing season are assessed.

4.3.1

Regression performance

The HM prediction models created as part of this study, along with their respective
performance criteria are presented in Table 4-2. The prediction models in Table 4-2 are
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listed in order of RMSE and the number of variables contained in each MLR model. The
variables within each model are also listed in order of the magnitude of RMSE reduction
that was achieved when they were added to the model. The developed MLR models are
distinguished in two separate groups, one including meteorological variables and the
other excluding meteorological variables. Simple linear model prediction metrics attained
using the pooled annual data, are also presented in Table 4-2.

Table 4-2 Herbage mass prediction model accuracies
ID

Variables

A

Annual CSH

r

R2

RMSE
(kg ha-1)

MAPE

MPE
(%)

MSPE

RPE
(%)

0.868

0.754

371

35.2

-16.8

137,592

28.2

Monthly HM models without meteorological data
B

CSH

0.877

0.77

354

32.7

-15

125,143

27.1

C

CSH, Rot

0.894

0.799

330

28.3

-11.4

109,274

25.4

D

CSH, Fert, Rot

0.898

0.807

324

27.7

-11

105,378

24.9

Monthly HM models with meteorological data
E

CSH, Rot, Rain

0.897

0.805

323

26.9

-10.6

103,628

24.7

F

CSH, Rot, Rain, Soil

0.900

0.81

318

25.9

-9.3

101,607

24.5

G

CSH, Fert, Rot, Rain, Soil

0.903

0.815

317

25.8

-9.3

100,095

24.3

CSH, Fert, Rot, Evap, Rain,
0.906
0.821
312
25.0
-9
98,225
24
Temp
-1
CSH = compressed sward height (mm), Rot = grazing rotation, Fert = annual nitrogen fertilisation (kg ha ), Rain
= average daily precipitation (mm), Temp = mean daily 10 cm soil temperature (°C), Evap = average daily
evaporation (mm)
H

The variation in HM accounted for by all models in terms of the coefficient of
determination was greater than 75% (R2 > 0.75), indicating good prediction performance,
which is comparable to a number of similar studies on PRG swards (Dillard et al., 2016;
Earle and Mc Gowan, 1979; Klootwijk et al., 2019b; L’Huillier and Thomson, 1988). The
annual SLR model (model A) with CSH as the only independent variable had the lowest
R2 (R2 = 0.754), while the MLR with the largest number of variables (model H) (CSH,
Fert, Rot, Evap, Rain, Temp) resulted in the largest R2 value (R2 = 0.821). Likewise,
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model A had the largest RMSE (371 kg DM ha-1), while model H had the lowest (312 kg
DM ha-1). These results were similar to those found by Michell and Large (1983),
L'Huillier and Thomson (1988) and Dillard et al., (2016). O' Donovan et al., (2002b) and
Klootwijk et al., (2019b) reported lower errors of 231 kg DM ha-1 and 222 kg DM ha-1
respectively, although both studies only analysed data over two grazing seasons using
different validation techniques.
All models over-estimated HM across the season in terms of MPE; however, over
prediction was almost halved between model A (MPE = -16.8%) and model H (MPE = 9%). Overall model precision in terms of RPE ranged between 28.2% in model A to 24%
in model H. These values are similar to the results of Sanderson et al., (2001) who
reported an error value of 26% for the RPM on mixed species swards in the USA and
Klootwijk et al., (2019b) who recorded values of 25 – 31% in the Netherlands. There was
little difference between the most accurate models with (model H) and without (model
D) meteorological variables, which had RPE values of 24.9% and 24%, respectively. All
models had RPE values > 20%, which is considered poor in terms of prediction accuracy
(section 2.6.4.2). The prediction results from all models presented in this chapter are more
than double the error threshold of 10% recommended by Sanderson et al., (2001) to
improve forage budgeting.
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4.3.2

Selected variables

Of the 17 variables included in the initial dataset, six variables (CSH, Fert, Rot, Evap,
Rain, Temp) were selected from the BSS process. Thus, MLR models for all possible
combinations of these six variables were developed and prediction accuracy was assessed
through k-fold cross-validation (Table 4-2). Models were separated in terms of the
inclusion of meteorological variables as site specific weather data is not readily available
on commercial farms in Ireland at present. Therefore, it was considered not practical to
recommend the inclusion of meteorological data in HM prediction models for current
commercial farm use. Conversely, research related to farm specific climate sensors is
growing and utilising site specific meteorological data for HM prediction may be feasible
in the near future (section 2.5.4), which warranted their inclusion in this chapter.
Model H produced the greatest prediction accuracy in terms of all criteria. Model H
contained six variables in total: CSH (mm), annual N fertilisation rate (kg N ha-1), grazing
rotation, average daily evaporation (mm), average daily precipitation (mm) and soil
temperature (°C). There was a 3.6% reduction in RMSE between model D and model H,
whereby model D was the optimum performing model that excluded meteorological data
and contained three variables: CSH, annual N fertilisation rate and grazing rotation. All
models which included variables additional to CSH had greater prediction accuracy
(relative to all criteria) compared to models A and B, which contained CSH as the only
independent variable.
The addition of grazing rotation to CSH (model C) resulted in a 6.8% reduction in RMSE,
when compared to Model B. Grazing rotation (section 2.2.3) number may explain
variations in HM in terms of the morphological composition of the sward. Multiple
grazing rotations can occur within the months of May and June, in contrast to the months
of January, February and March where only one rotation would be typical. Likewise, the
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frequency of rotations reduces towards the end of the grazing season. The rotation number
further coincides with the morphological growth stage and composition of the sward,
which impacts on the relationship between CSH and HM. Beecher et al., (2015) found
that PRG leaf, stem and dead leaf proportions varied significantly between rotations
(section 2.2.4.1). Variation in the relationship between CSH and HM has been reported
to increase as PRG enters the reproductive growth stage, while plant lodging and the
build-up of dead material can cause further variation (section 2.3.2.4).
In the absence of meteorological data, the addition of annual N fertilization data to CSH
and grazing rotation number (model D) reduced RMSE by 1.9% when compared with
model C. Annual N fertilisation data may explain variations in sward density and weed
infiltration rates within pastures. Increased N application stimulates tiller growth
therefore producing denser swards (section 2.2.7). Less dense swards further result in
increased weed persistence. Changes in sward density would also affect HM and
ultimately recorded CSH throughout the pasture.
Meteorological data has commonly been used in previous studies to predict HM growth
rates over time periods between measurement events (section 2.5.4). Conversely, the
models in this study focused on predicting HM in real-time. Variables were selected on
the basis of their real-time effects on HM. The first weather variable to be iteratively
selected was precipitation and its initial inclusion in model E resulted in a 2.1% reduction
in RMSE, compared with model C. L'Huillier and Thomson (1988) discovered the RPM
overestimated HM in wet weather and recommended the development of separate
calibrations for use in wet weather conditions. Earle and McGowan (1979) recorded
higher RPM readings in pastures in early mornings when sward moisture was higher. In
the current study, heavy rainfall may have had an effect on the resistive strength of the
sward canopy, as water droplets rested on the external surface area of the plant, therefore
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altering the relationship between recorded CSH and HM. It is interesting to note that
external plant moisture had a greater effect on predicted HM than internal moisture or
DM%. Plant DM% was not selected in any of the model variable subsets and did not
improve HM prediction performance, which is in agreement with findings made by Earle
and McGowan (1979) and Litherland et al., (2008).
Sequential reductions in model RMSE were achieved from the addition of soil
temperature in model F (1.5%), N application in model G (0.3%) and evaporation in
model H (1.6%). It is likely that soil temperature did not have a real-time effect on CSH
measurements, however, it may have explained more of the seasonal variation in HM
resulting from the transitions between the morphological growth stages of the grass. The
rise in Irish soil temperatures from spring onwards coincides with the life cycle of the
PRG plant as it transitions from the vegetative to reproductive growth stages.
Alternatively, a build-up of senescent material at the base of the sward would coincide
with low soil temperatures during the winter months (section 2.2.4.1). There is a positive
linear relationship between PRG tiller growth and temperature (Hunt & Field, 1979).
Evaporation is the rate of moisture evaporated from a surface per unit time. The HM
variation explained by evaporation may be for similar reasons to that of precipitation, as
it would reflect the ratio of external moisture droplets resting on the plant and therefore
affect the recorded level of CSH. Site or regional climate conditions do not vary
considerably in Ireland unlike soil type, and a study between farms including soil type as
an additional variable to the models outlined in this study may warrant investigation.

4.3.3

Standardised regression analysis

A standardised regression analysis was performed to evaluate the individual strength of
each selected variable in terms of their prediction of HM across the growing season. The
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standardised coefficients for the two optimum MLR models with and without
meteorological variables are presented in Figure 4-2 (a) and (b), respectively.
1

1

CSH

Satandardised coefficient

Standardised coefficients

CSH
0.8
0.6
0.4
0.2

Temp

Fert

0

0.6
0.4
0.2

Fert

0

Rain

-0.2

(a)

0.8

Rot

Rot

Evap

Variables

-0.2

(b)

Variables

Figure 4-2 Standardised regression coefficients for variables selected for herbage mass prediction (a)
with (model H) and (b) without meteorological variables (model D) . CSH = compressed sward height
(mm), Rot = grazing rotation, Fert = annual nitrogen fertilisation (kg ha-1), Rain = average daily
precipitation (mm), Temp = mean daily 10 cm soil temperature (°C), Evap = average daily
evaporation (mm)

Positive standardised coefficients reflect relative increases in HM in response to increases
in predictor variable values. As expected, CSH had the greatest prediction power
compared with all other selected variables in both models D and H. In model H (including
meteorological variables), one SD change in CSH resulted in a 0.84 SD change in HM,
while one SD change in soil temperature and annual fertilizer application had positive
effects of 0.14 and 0.07 on the SD of HM, respectively. Alternatively, precipitation,
rotation and evaporation had negative coefficients of -0.06, -0.08 and -0.12, respectively,
indicating that HM decreased as these variables increased in value. Similarly for model
D (excluding meteorological variables), CSH (0.85) and fertilisation (0.07) had positive
coefficients, whereas rotation had a negative effect (-0.03).
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It is interesting to note that both soil temperature and evaporation had greater impacts on
HM than annual fertilisation or grazing rotation. This suggests that both of these
meteorological variables may explain the seasonal variation in HM to a greater extent and
outlines that there is potential for utilising on-site climate sensors to increase HM
prediction accuracy. The negative relationship between evaporation and HM may be
linked to the increase in senescent, less resistant material at the base of the sward during
the driest periods of summer when evaporation was at its highest. Leaf death in PRG
increases during prolonged dry periods with temperatures of over 20 °C (Hunt and Field,
1978). These conditions were prevalent during the drought period experienced in Ireland
in the summer of 2018, while this study was on-going, as discussed in section 3.4.1.
Ferraro et al., (2012) reported that plants under drought stress exert less resistive force on
the RPM plate, as a result of lower turgor pressure within the plant. The reduction in HM
as grazing rotation number increased is in accordance with findings made by Ruelle et
al., (2018), who discovered a decrease in annual HM growth of 0.5 t DM ha-1 when the
number of grazings was increased from 6 to 11. Conversely, increasing the number of
grazing rotations is one of the main influences associated with increasing whole-farm
annual HM production and utilisation (section 2.2.3). The negative relationship between
rainfall and HM may further suggest that high rainfall levels when measuring with the
RPM may increase the resistive strength of the sward causing the RPM to record higher
CSH values. These findings are in agreement with Gabriëls and van den Berg (1993) and
Defrance et al., (2004), with the latter concluding that external plant water causes leaf
surface areas to expand, resulting in inflated CSH recordings.

174

Utilising grassland management and climate data for more accurate prediction of herbage
mass using the rising plate meter
4.3.4

Model comparison

A comparison of the HM prediction accuracy of the models developed in this study is
presented in Figure 4-3, along with predictions made using the standard RPM model and
the pre-existing Irish model (section 4.2.6) using the entire dataset. For ease of
comparison, only the top performing model (model H) including meteorological variables
(precipitation, soil temperature and evaporation) is presented, as it was assumed that to
practically utilise on-site meteorological data on a commercial farm, a sensor unit that
measures all of these variables would be required.
480
460
440

RMSE

420
400
380
360
340
320
300

Standard Pre-existing
Irish

A

B

C

D

H

Model ID

Figure 4-3 Prediction accuracy of the HM models developed as part of this study in comparison to
the standard RPM model and pre-existing Irish model. Explanations of model ID’s are presented in
Table 4-2

Model precision is presented in terms of RMSE in Figure 4-3. The standard model had
the largest RMSE (465 kg DM ha-1), followed by the pre-existing Irish model (406 kg
DM ha-1). The reduced error recorded for the pre-existing model is not surprising
considering it was developed specifically for Irish swards, unlike the standard model. The
largest sequential improvement in RMSE of 12.59% (59 kg DM ha-1) was observed
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between the standard and the pre-existing models. Model A (annual simple linear CSH
model) had a 8.73% (35 kg DM ha-1) lower RMSE than the pre-existing Irish model.
There was a smaller (than model A) sequential decrease in RMSE of 4.6% (17 kg DM ha1

) when monthly coefficients for model B were derived (monthly model with CSH only).

All models that predicted HM with a monthly resolution (B, C, D and H) had a greater
prediction accuracy than model A as well as the standard and pre-existing models. These
results are similar to findings by Ferraro et al., (2012) and Nakagami and Itano (2013)
who included parameters for measurement date to account for seasonal variation in the
relationship between CSH and HM. Sequential reductions in error were further achieved
by adding variables for grazing rotation (model C) (6.8%) (24 kg DM ha-1), fertiliser
application (model D) (1.9%) (6 kg DM ha-1) and meteorological variables for
precipitation, soil temperature and evaporation (model H) (3.6%) (12 kg DM ha -1). In
total, the optimum subset of variables without meteorological variables (model D),
achieved a 30.3% and 20.4% decrease in error compared to the standard RPM model and
the pre-existing Irish model, respectively. Model H, which included the meteorological
variables achieved a 32.9% and 23.2% decrease in RMSE relative to the conventional
models. Greater prediction performance was achieved with the inclusion of
meteorological variables, however, this increase was minimal and currently may not
warrant investment in on-farm weather stations. Prediction models for on-farm use must
be robust to estimate HM accurately and efficiently, with minimal labour and resource
requirements for the farmer. For this reason, the monthly model including predictor
variables for CSH, fertilisation and grazing rotation was considered optimal. To utilise
this model the farmer only needs to measure pasture CSH using the RPM and record
pasture fertilisation and grazing events, which can currently be performed on PBI. To
further utilise meteorological data, a farmer would need to invest in and maintain on-farm
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weather stations. Moreover, new online data processing facilities would also be need to
be developed to handle this meteorological data.

4.3.5

Accuracy per month

The monthly prediction accuracy of HM in terms of RMSE for the models developed as
part of this chapter and the conventional RPM models, along with average harvested
reference HM is presented in Figure 4-4. The models selected for comparative monthly
analysis were model B (CSH monthly), model D (optimum monthly model without
meteorological variables), model H (optimum monthly model with meteorological
variables), model A (annual simple linear), the standard RPM model and the pre-existing
Irish model.
Standard
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Figure 4-4 Comparison of accuracy of herbage mass prediction models and conventional RPM
models per month with average harvested herbage mass

The errors for all models follow a close pattern, initially high in early spring, before
bottoming out in March and steadily rising to a peak in July, before tapering off at the
later end of the season. This is a similar pattern to the annual HM growth curve, with the
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max error occurring just after peak yield, as PRG enters its reproductive growth stage.
The increased error across all models during this period is most likely a result of the high
variation of sward canopy composition resulting from the increase in stem to leaf
proportion, as previously stated in section 4.3.2. These findings are in agreement with
those of Michell and Large (1983) and Klootwijk et al., (2019b), who both found higher
HM prediction errors using the RPM in mid-summer. The difference in RMSE between
models is consistent with the annual results presented in Figure 4-3 for all months of the
growing season with the exception of August, where model A has the lowest error. One
plausible explanation for this may be the increase in homogeneity in the sward as it returns
to its vegetative growth stage, whereby the relationship between CSH and HM may be
more linearly correlated and the addition of more variables may be creating additional
noise in the MLR models during this period. There was minimal discrepancy between the
top performing models with and without meteorological variables across the season, with
the exception of mid spring and late autumn. In the months of February, March and
October, model H had noticeably greater prediction accuracy. This may be a consequence
of the increased annual variation in HM growth that can occur during these periods, in
response to highly changeable weather conditions. The coefficients for the top performing
models outlined in Figure 4-3 and Figure 4-4 are presented in Appendix A.

4.3.6

Discussion summary

The models developed as part of this chapter may not be considered precise in terms of
HM prediction error; however, total improvements in the range of 20 - 33% RMSE have
been achieved in comparison to the current state of the art RPM HM prediction models.
The standard RPM model is based on estimated CSH available for grazing above 40 mm,
as this is a recommended target post grazing height (section 2.2.3). Subtracting a target
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post grazing height from the total measured CSH and the inclusion of post grazing CSH
as an additional variable were considered at the initial stages of this study. Other studies
have investigated the benefit of calibrating HM model y intercepts to zero, so that 40 mm
CSH equates to 0 kg DM ha-1 of herbage available for grazing (Dillard et al., 2016;
Rayburn et al., 2017), however, this can result in artificially high R2 values (Litherland et
al., 2008). Furthermore, accurately measuring post CSH was deemed an excessive labour
input for commercial farm use.
The findings of this chapter indicate that a very minor improvement can be achieved from
the incorporation of meteorological variables, in terms of modelling HM using RPM
measurements. With regard to the HM prediction accuracy of the RPM, the results from
this chapter are in line with other studies, which suggest that achieving greater HM
prediction accuracies may prove difficult. In addition to calibration error, there were a
number of other potential sources of error common to the RPM that may have ultimately
reduced model prediction performance, such as operator and system error which were
assessed in chapter 3.
Only the daily effects of the management and meteorological factors were considered in
this chapter. More information on HM variation could potentially have been derived from
considering the effects of these factors over a time period of a number of days or weeks.
Potential exists to combine the findings of this study with HM growth models, such as
that developed by Ruelle et al., (2018), to consider growth conditions between
measurement and grazing events, similar to the work carried out by Romera et al., (2010)
in New Zealand. The HM MLR model D, with variable subset including CSH, annual
fertilisation rate and grazing rotation number, presented in Table 4-2 of this paper is
feasible for use on Irish pastures. This model could be easily adapted into an online DST
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such as PBI, which already captures all of the required data. The monthly coefficients for
this MLR are presented in Appendix A.

4.4 Conclusion
The main findings from this chapter in terms of utilising grassland management and
climate data for more accurate prediction of HM using the RPM were as follows:
•

The optimum model proposed for current on-farm use included monthly
coefficients for variables for CSH, N fertilisation and grazing rotation

•

The further addition of meteorological factors such as daily soil temperature,
precipitation and evaporation resulted in a minimal increase in model accuracy

•

Soil temperature and evaporation represented the additional variables with the
largest prediction power

•

Herbage mass prediction error for all models varied throughout the growing
season as a consequence of morphological changes in the sward canopy

•

Models presented in this chapter indicate a marked improvement (RMSE
reduction of 20 - 33%) compared to conventional models on pasture-based
systems

•

The optimum model presented in this chapter is ready for integration with
conventional RPMs and online DST technologies for use on Irish grasslands
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5 A near infrared spectroscopy
calibration for the prediction of
un-dried fresh grass quality

5.1 Introduction
As discussed in section 2.4, NIRS is an established method of rapidly analysing forage
that has more recently been employed for grass quality prediction. However, conventional
NIRS grass analysis requires time consuming pre-processing of samples, which can have
detrimental effects on sample composition. The development of new rapid NIRS
calibrations to predict the quality of unprocessed fresh grass would not only significantly
reduce laboratory labour, inputs and cost, but would further enable more precise grassland
and feed management decisions to be made on a daily basis. As outlined in chapter 3,
spatial variation of herbage within swards can be considerable and may result in suboptimum utilisation of pasture by the grazing herd. Analysis of fresh grass using NIRS in
conjunction with a robust geo-referenced pasture sampling protocol (chapter 6) would
enable more precise grassland management. Precision pasture quality analysis would
have the potential to enable the optimisation of herbage allocation in tune with seasonal
fluctuations in herd dietary requirements and furthermore, promote the development of a
range of precision agricultural technologies, such as targeted fertilisation (section 2.5).
As outlined in section 2.4.4, NIRS analysis of fresh grass is restricted by the presence of
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relatively high moisture levels; despite this, breakthroughs have been made using
conventional NIR instruments.
The objective of this chapter was to develop NIRS calibrations to accurately predict
quality parameters DM and CP of fresh grass on Irish swards to within an acceptable
agreement with gold standard wet chemistry methods. It is envisaged that the calibrations
developed from this chapter will be used by researchers, advisors and farmers to assist
with regular grassland and feed management decision making.

5.2 Materials and methods

5.2.1

Sward sampling

Sward herbage samples (n = 1812) were collected at Moorepark, on PRG dominant
swards, between January 2017 and June 2019. Herbage cuts were taken from the grazed
paddocks and controlled trial plots outlined in chapter 3. Sampling was conducted on a
weekly basis throughout the typical Irish grazing season (late January - early November),
to account for variations in climate and growth conditions. A summary and breakdown
of sward samples taken as part of this study can be viewed in Table 5-1.
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Table 5-1 Summary of sward samples used for fresh grass NIRS calibration development and
validation, including an annual breakdown of sample numbers and nitrogen fertilisation details
Number of samples (n)
2017

2018

2019

Total

N (kg ha-1)

Plots

526

138

197

861

0, 119, 244, 480

Paddocks

707

244

0

951

250

Annual
total

1233

382

197

1812

Calibration set (2017/2018)

1615

Validation set (2019)

197

N = annual rate of nitrogen fertiliser application

5.2.2

Laboratory analysis

To determine DM content (g kg-1) for reference analysis, 100 g of each herbage sample
was oven dried at 60 oC for 48 h (section 2.3.1.2) at Moorepark’s Grassland Research
Laboratory. The remainder of each sample was then stored in a sealed bag and refrigerated
for less than 48 h prior to spectral analysis, as recommended by Dale et al., (2017).
Samples were allowed to reach ambient room temperature prior to NIRS scanning. Each
sample was wrapped in PVC cling film and tightly packed into a natural product coarse
sample cell (Part no. = NR-7080) with a quartz screen (60 cm2) and scanned using a FOSS
6500 spectrometer (FOSS-NIR System DK, HillerØid, Denmark). Scanning was carried
out at 2 nm intervals in the range of 1100 nm – 2500 nm. Absorption was recorded as log
1/Reflectance and all data were stored in ISI Scan (ISI, Port Matilda, Pennsylvania, USA).
Immediately after scanning, all samples were re-sealed, frozen and stored at -18 oC. The
frozen samples were then bowl-chopped, freeze-dried at -50 oC for 120 h and milled
through a 1 mm sieve prior to CP analysis. Herbage CP content was calculated as a factor
of total nitrogen (N) content (N x 6.25). A N analyser (Leco FP-428; Leco Australia Pty

Ltd, Baulkham Hills B.C, NSW, Australia) was used in accordance with AOAC method
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990.03 (AOAC, 1990) to determine herbage CP concentration (g kg-1 DM) for each
sample.

5.2.3

Data pre-processing

Prior to calibration, outlier analysis was conducted on both the reference and spectral
datasets. Box and whisker analysis was performed on the reference dataset to identify and
remove extreme outliers (1.4%), as described in section 3.2.4. The majority of these
outliers were recorded in July 2018 when drought conditions were prevalent throughout
Ireland (Met Éireann, 2018). Spectral outliers were further removed by visual inspection
of the NIR spectra (< 1.5%).

5.2.4

Chemometric modelling

All spectral and reference data were uploaded onto WinISI 4 (ISI, Port Matilda,
Pennsylvania, USA) for chemometric modelling. The calibration dataset (n = 1615) used
to train NIRS prediction models consisted of samples collected throughout the 2017 and
2018 grazing seasons. Modified partial least squares (section 2.4.5.4) was selected as the
regression method used to calibrate spectral absorbance data against wet chemistry DM
and CP values. Several potential calibrations were created using a number of spectral pretreatment combinations, which were evaluated to investigate optimum prediction model
configurations for fresh grass quality analysis. Further outlier analysis was performed as
part of the calibration process to detect calibration outliers using PCA (section 2.4.5.3
and 2.4.5.4). Calibration outliers were removed on the basis of significantly high residual
prediction values defined by critical T values > 2.5 and Mahalanobis distance global H
values > 10, as in Alomar et al., (2009), Burns et al., (2013) and Reddersen et al., (2013).
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5.2.4.1 Spectral treatments
Spectral pre-treatments SNV, detrend and MSC were assessed to filter out relevant
spectral information from spectral and background noise, as described in section 2.4.5.3.
Subsequently, spectral derivative treatments were performed to identify overlapping NIR
absorption peaks and to make local max and min points more detectable. Derivative
techniques, referred to as math treatments, are typically specified numerically in the
following order: derivative, gap, smoothing and second smoothing. The derivative
number refers to the order of differentiation of the best fit polynomial function between
spectral data points (section 2.4.5.3). Gap refers to the range of wavelengths over which
the derivative is computed. First and second smoothing are related to the number of data
points (window) that the polynomial line is calculated over and the degree of the fitted
polynomial function. Smoothing is performed prior to differentiation and is carried out
by fitting a polynomial function, using the method of least squares, to a set of spectral
data points known as a window. This is carried out to reduce noise by eradicating excess
data points from each spectra. Reducing the size of the window and increasing the order
of the polynomial leads to a greater smoothing effect. However, this further increases the
risk of losing relevant data and in turn may negatively impact on the calibration (Davies,
2007; Ochiai, 2015; Rinnan et al., 2009).

5.2.4.2 Calibration prediction analysis
To test the precision of the trained NIRS calibration models in terms of predicting unseen
seasonal variations in grass quality, an independent validation set was used as
recommended by Agelet and Hurburgh, (2010) and Fearn (2005). The validation set
comprised of samples collected throughout the first half of the 2019 grazing season
(January – July), which quantified 12% (n = 197) of the size of the original calibration
185

A near infrared spectroscopy calibration for the prediction of un-dried fresh grass quality
set (Table 5-1). The validation set was assessed for reference and spectral outliers as
previously discussed, although none were identified. Additionally, for comparative
purposes calibrations were created using the full dataset (combined calibration and
validation datasets) and subsequently validated using cross-validation. Cross-validation
was performed by initially ordering the full dataset by time of analysis and then removing
every fourth sample for validation, resulting in 75% of the data being used for calibration
training and 25% being used for cross-validation. Potential calibrations were evaluated
on the basis of SEP, RPE and ratio of percent deviation (RPD) for both CP and DM. The
SEP is the SD of the residual values corrected for bias, as defined in Eqn. (2-27):

𝑆𝐸𝑃 = √

∑𝑛𝑖=1( 𝑦̂𝑖 − 𝑦𝑖 − 𝑏𝑖𝑎𝑠)2
𝑛−1

(2-27)

where 𝑛, is the number of data points, 𝑦𝑖 is the observed laboratory reference value and
𝑦̂𝑖 is the NIRS calibration predicted value for the 𝑖 th data point. The bias value is defined
by Eqn. (2-28):

𝐵𝑖𝑎𝑠 =

∑𝑛𝑖=1(𝑦̂𝑖 − 𝑦𝑖 )
𝑛

(2-28)

where 𝑛, is the number of data points, 𝑦𝑖 is the observed laboratory reference value and
𝑦̂𝑖 is the NIRS calibration predicted value for the 𝑖 th data point.
The RPE was determined as the SEP expressed as a percentage of the mean observed
laboratory reference value for each parameter. The RPD is the ratio between the SD of
the laboratory reference values and the SEP and is a standardised method of assessing the
performance of NIRS calibrations, as defined by Eqn. (2-29).
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𝑅𝑃𝐷 =

𝜎
𝑆𝐸𝑃

(2-29)

where 𝜎 is the SD of the reference values and SEP is defined by Eqn. (2-27).
The RPD increases as predictive error decreases with respect to SD, thus a higher RPD
indicates greater predictive performance. In terms of RPD, spectral prediction models can
be classified as excellent (> 2.5), good (2 – 2.5), moderate (1.5 – 2) and poor (< 1.5), as
outlined in similar studies (Askari et al., 2019; Lobos et al., 2019; Park et al., 1998;
Rossel, 2007).

5.3 Results

5.3.1

Descriptive statistics

Box plots representing the distribution of laboratory reference values for CP and DM
content of samples included in fresh grass quality NIRS calibration and validation
datasets are presented in Figure 5-1. Herbage sample reference values collected
throughout the 2017 and 2018 grazing seasons (calibration dataset) ranged between 97.6
- 326.6 g kg-1 DM (mean =202.9 g kg-1 DM, SD = 40.5 g kg-1 DM) for CP and 95.0 359.0 g kg-1 (mean = 184.6 g kg-1, SD = 40.9 g kg-1) for DM. The range of reference
values for both DM and CP were not as large for the validation set, in comparison with
the calibration set. Validation dataset reference CP values ranged between 100.2 - 312.9
g kg-1 DM (mean = 239.3 g kg-1 DM, SD = 48.2 g kg-1 DM) and DM values ranged from
125 - 244 g kg-1 (mean = 169.2 g kg-1, SD = 24.6 g kg-1).
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Figure 5-1 Boxplots of crude protein (g kg-1 DM) and dry matter (g kg-1) distributions within NIRS
calibration and validation datasets

5.3.2

NIRS calibration analysis

The five best performing NIRS calibrations (CL) in terms of validated SEP and RPD are
outlined in Table 5-2. CL1 had the best prediction performance for CP (SEP = 20.38 g
kg-1 DM, RPD = 2.37) and had the best combined prediction results for both CP and DM
(DM, SEP = 9.55 g kg-1, RPD = 2.57), whereas, CL2 was the best at predicting DM (SEP
= 9.46 g kg-1, RPD = 2.60). All calibrations had RPD values > 2 RPD indicating good
predictive performance for unseen CP and DM. NIRS was more accurate at predicting
DM in fresh grass, with higher R2 (≥ 0.85) and RPD values (2.55 – 2.60) for DM within
each calibration, indicating excellent prediction performance. Calibration results for CP
were not as precise, although R2 (≥ 0.83) and RPD (2.25 – 2.37) values both indicated
good prediction performance.
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Table 5-2 Summary of optimum NIRS calibration spectral pre-treatments and prediction statistics
Calibration
CL

Math
treatment*

CL1

Crossvalidation

Validation

Parameter
R2

SEC

R2

SEP

Bias

RPE

RPD

R2

SECV

CP

0.90

12.80

0.84

20.38

-2.48

10.04%

2.37

0.90

13.96

DM

0.96

8.09

0.85

9.55

0.36

5.18%

2.57

0.95

8.42

CP

0.89

13.31

0.83

21.42

-6.13

10.56%

2.25

0.89

14.56

DM

0.96

8.07

0.86

9.46

2.63

5.12%

2.60

0.95

8.21

CP

0.90

12.77

0.83

20.51

-1.66

10.11%

2.35

0.90

13.87

DM

0.96

8.11

0.85

9.63

-1.04

5.21%

2.55

0.95

8.54

CP

0.89

13.13

0.84

20.97

-5.76

10.34%

2.30

0.90

14.21

DM

0.96

8.00

0.86

9.47

2.59

5.13%

2.59

0.95

8.60

CP

0.90

12.77

0.84

20.87

-4.69

10.29%

2.31

0.90

14.06

DM

0.96

8.06

0.85

9.55

0.61

5.18%

2.57

0.95

8.47

2,8,6,1
SNV+Detrend

CL2
1,8,6,1
SNV+Detrend

CL3
2,8,8,1
SNV+Detrend

CL4
2,5,5,1
SNV+Detrend

CL5
2,8,6,1 MSC

2

CL = calibration, CP = crude protein, DM = dry matter, R = coefficient of determination, SEC = standard error of calibration, SEP = standard
error of prediction , RPD = relative predictive deviation, SECV = standard error of cross-validation
*Math treatment - derivative (first number), gap (second number), smoothing (third number), second smoothing (fourth number), SNV = standard
normal variate, MSC = multiplicative scatter correction

The pre-treatments and derivative math treatments (section 5.2.4.1) applied to each
calibration, which are presented in the second column of Table 5-2, had the largest
influence on performance. Math treatments 2 (2nd derivative), 8 (8 nm gap), 6 (6 nm
window for smoothing), 1 (no second smoothing) with pre-treatments SNV and detrend
provided the best calibration performance for CP in CL1. Math treatments 1, 8, 6, 1 with
SNV and detrend resulted in optimum DM prediction. All calibrations with the second
derivative math treatment performed better in terms of CP prediction. The first derivative
resulted in optimum prediction of DM in CL2. Spectral pre-treatments SNV and detrend
were common across four of the five best performing calibrations. Derivation over a gap
of 8 nm was common amongst the optimum calibrations for CP and DM. Likewise, a
smoothing window of 6 nm resulted in optimum predictions for both parameters. All of

189

A near infrared spectroscopy calibration for the prediction of un-dried fresh grass quality
the best performing calibrations had no second smoothing treatment. The calibration
dataset spectra with optimum pre-treatments and mathematical treatments for CP and DM
prediction can be viewed in Figure 5-2.

Figure 5-2 NIRS fresh grass calibration dataset spectra (n = 1590) (a) untreated with spectral outliers
removed, (b) pre-treatments SNV and detrend, (c) optimum CP prediction math treatments 2, 8, 6,
1 and (d) optimum DM prediction math treatments 1, 8, 6, 1

The linear relationships between NIRS predicted and unseen laboratory reference values
for CP and DM using the optimum calibrations for respective parameters (CL1 and CL2)
are outlined in Figure 5-3. The linear relationship between predicted and unseen values
for DM was slightly greater (R2 = 0.86) compared with CP (R2 = 0.84), with a tighter
spread of values around the regression line. However, there were strong correlations (R 2
> 0.8) between predicted and unseen values for both parameters.

190

A near infrared spectroscopy calibration for the prediction of un-dried fresh grass quality

350

(a)

Predicted CP (g kg-1 DM)

300

250
200
150
100
y = 1.1533x - 39.529
R² = 0.838

50
0
0

50

100

150
200
250
-1
Reference CP (g kg DM)

300

350

300

(b)
Predicted DM (g kg-1)

250

200

150

100

y = 0.9992x + 2.7673
R² = 0.863

50

0
0

50

100
150
Reference DM (g kg-1)

200

250

Figure 5-3 Linear relationships between NIRS predicted and laboratory reference values for 2019
validation dataset for (a) optimum CP calibration CL1 and (b) optimum DM calibration CL2
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5.4 Discussion
One of the most important criteria for developing a robust NIRS calibration is that the
natural variation of the parameter values of interest must be accounted for within the
sample populations of the calibration and validation datasets (Agelet and Hurburgh,
2010). The tighter ranges of reference values for DM and CP in the validation dataset
presented in Figure 5-1 were most likely a result of the 2019 samples being recorded only
for the first half of the grazing season. Unfortunately, due to timeline constraints samples
covering the entire range of the 2019 grazing season could not be included in the
validation set for a more robust test of calibration performance. Despite this, parameter
ranges in the validation set did cover the majority of the range of both parameter values
in the calibration set. Both calibration and validation dataset ranges were greater than
those presented by O’Neill et al., (2013), who compiled herbage quality data from over
19 published studies in Moorepark over a 20 year period. This illustrates that both the
calibration and validation datasets used in this study covered the range of typical annual
variations in both DM and CP on Irish grassland, which means both datasets were robust
for NIRS calibration development. Furthermore, there is scope to expand the validation
dataset to further test the best performing calibrations presented in this chapter, along
with updating and expanding the existing calibration dataset to account for more annual
variation in parameter values.
The NIRS calibrations presented in this chapter were capable of predicting fresh herbage
quality of unseen samples to within acceptable limits (RPD > 2). Calibrations for CP
achieved moderate prediction performance in terms of RPD, whereas DM was predicted
with a high level of precision. A significant factor that would have influenced the higher
precision achieved for DM prediction compared with CP, was the overshadowing effect
caused by moisture absorption of NIR light, as discussed is sections 2.4.2 and 2.4.4.
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With regard to spectral pre-treatments, SNV and detrend were common amongst the
calibrations with the lowest prediction error. Prediction of CP was most accurate when
the second derivative spectral treatment was used, whereas the first derivative produced
the best DM prediction performance. The second derivative may have reduced spectral
noise caused by particle heterogeneity in terms of both size and moisture content, thus
enabling more relevant spectral information with regard to CP content to be distinguished.
Norris and William (1984) showed how the second derivative normalized spectral data
and removed the effect of particle heterogeneity in wheat samples. The optimum
treatments found in this study are similar to those used by Soldado et al., (2013) who
employed NIRS to predict un-dried grass silage quality and Alomar et al., (2009) who
used NIRS for fresh grass analysis. Conversely, Alomar et al., (2009) found optimum
prediction results for CP and DM with math treatments of 1, 5, 5, 1 and 2, 5, 5, 1,
respectively.
In terms of overall calibration robustness, there was not a considerable difference between
DM SEC (8.07 g kg-1) and SEP (9.46 g kg-1) values for CL2, which indicates that the
calibration was effective at predicting unseen values of DM (Lobos et al., 2019).
Conversely, the difference between CP SEC (12.80 g kg-1 DM) and SEP (20.38 g kg-1
DM) for CL1 was much greater. However, CP RPE for CL1 (10.04%) was between the
limits of 20 - 10% outlined as acceptable for model prediction in section 2.6.4.2.
Additionally, CL2 had an RPE of 5.12%, which indicated satisfactory prediction
performance. These values of RPE were much lower than the RPE values of calibrations
used for rapid analysis of herbage quantity within pasture, using the RPM method,
presented in Klootwijk et al., (2019b) and in chapter 4.
The SECV was much closer to SEC than SEP for all calibration models. A reason for this
may be that SECV values are susceptible to over fitting, resulting in understated error
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values. Consequently, SEP calculated by full independent validation is a more robust test
of model performance (2.4.5.4). The large differences between SECV and SEP for CP
prediction found in this chapter suggest that SECV values commonly reported in other
NIRS studies for fresh grass analysis of CP may not be a robust evaluation of calibration
prediction performance. The prediction results presented in this chapter are comparable
to those presented by the authors in a preliminary study (Murphy et al., 2019b), which
used an established dried and milled NIRS calibration for CP reference analysis. This
illustrates that using established NIRS calibrations for referencing and benchmarking new
fresh grass calibrations may be feasible for other quality parameters, such as DMD and
OMD.
In comparison to the findings of this chapter, Lobos et al., (2019) reported slightly higher
prediction accuracy for DM (RPD = 3.7) and CP (RPD = 2.5). Conversely, Bonnal et al.,
(2013) reported poorer prediction results for CP (RPD = 1.97). It was difficult to find
NIRS studies in the literature that tested their calibrations with independent validation
datasets and many presented prediction results using cross-validation statistics. This is
most likely due to project constraints within these studies that did not facilitate the
acquisition of additional independent datasets. Alomar et al., (2009) reported high RPD
values (CP = 3.69, DM = 7.15) using SECV to calculate RPD instead of SEP. Parrini et
al., (2019) calculated RPDs of 2.75 for DM and 2.26 for CP using SECV, which were
similar to the values presented in this study. Likewise, Reddersen et al., (2013) reported
an RPD of 1.31 for predicting N in fresh standing swards using SECV and McClure et
al., (2002) reported a SECV of 6 g kg-1 DM when predicting N in fresh grass. Park et al.,
(1998) calculated an RPD of 4.80 using SECV for N concentration in un-dried silage. In
comparison to established dried and milled calibrations for CP, the SEP for CL1 was over
double the figures reported by Burns et al., (2013) (SECV = 5.1 g kg-1 DM) and Jafari et

194

A near infrared spectroscopy calibration for the prediction of un-dried fresh grass quality
al., (2003) (SEP = 6.8 g kg-1 DM). However, this is not surprising considering the much
greater heterogeneity of particle size and the significant moisture effects associated with
fresh grass analysis.
The CP calibrations presented in this chapter are not sufficiently accurate to replace wet
chemistry techniques or dried and milled NIRS calibrations. Conversely, they may be
effective at distinguishing approximate levels of CP and N within swards and could be
used for pasture quality and N status categorisation. This would have considerable
benefits for both research and industry. Rapid analysis of herbage quality would
streamline reference analysis for pasture research studies and reduce labour, cost and the
risk of sample degradation, as outlined by Alomar et al., (2003) and Dale et al., (2008).
Furthermore, accurate NIRS fresh grass analysis could be used to benchmark portable
spectral sensors for in-field analysis, similar to the research performed by Reddersen et
al., (2013). Further potential exists to transfer established laboratory based fresh grass
NIRS calibrations onto field spectrometers for in-field analysis (Soldado et al., 2013).
Moreover, rapid pasture quality analysis will aid the onset of precision agricultural
applications for pasture. Geo-referenced spatial sampling techniques, such as those
proposed in chapter 6, could be used in conjunction with fresh grass NIRS to enable
targeted grassland management. Analysing the spatial variation of herbage N status would
aid the onset of targeted fertilisation technologies, thus reducing N leaching and increase
N efficiency (Shalloo et al., 2018).
In terms of potential on-farm applications, the calibrations presented in this study could
be used for more regular pasture analysis, as recommended by Wilkinson et al., (2014).
Farmers could potentially send samples to nearby laboratories for analysis and receive
results within a practical time period to aid decision making. Moreover, cheaper and more
robust bench top spectrometers are becoming available for on-farm use (section 2.5.2.1).
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The availability of frequent pasture quality information to farmers would enable research
into more precise methods of determining the correct area of herbage to allocate to the
grazing herd based on their dietary requirements; in contrast to current allocation
methods, which only consider approximated pasture DM content (Shalloo et al., 2018).
Moreover, there is scope to expand the calibrations presented in this study to analyse other
important grass quality parameters such as OMD, DMD and ME.
In summary, the NIRS calibrations developed in this chapter can be used to accurately
predict fresh grass DM content and categorise CP levels. These calibrations will have a
range of benefits for researchers and farmers alike, in terms of streamlining grass quality
analysis and facilitating further research into future precision agricultural technologies.

5.5 Conclusion
The main outputs from this chapter were the development of NIRS calibrations that can
predict fresh grass DM content with a high degree of accuracy (R2 = 0.86 SEP = 9 .46 g
kg-1, RPD = 2.60) and CP content to within moderate levels of accuracy (R2 = 0.84 SEP
= 20.38 g kg-1, RPD = 2.37). These calibrations will enable more timely pasture quality
analysis, more precise pasture allocation and the further development of precision
grassland agricultural concepts.
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6 Development

of

a

grass

measurement optimisation tool to
efficiently measure herbage mass
on grazed pastures

6.1 Introduction
In chapters 3 and 4 the two main sources of RPM error were outlined as being
measurement protocol and HM prediction error. Results from chapter 3 revealed that HM
can vary by an average of 36% on typical Irish pastures and that the relationship between
measurement rate and accuracy was in accordance with the law of diminishing returns.
Scope for a universal grass measurement protocol was identified in section 2.3.3 and it
was suggested that random stratified sampling was a suitable method to best predict HM
within pastures. Furthermore, the relationship between measurement rate and error
developed in chapter 3 was dependent on random stratified sampling. Conversely,
random stratified sampling is difficult to implement at farm level due to constraints on
time and resources. Pasture measurement by random stratified sampling can be laborious,
as the operator has to walk to each pre-determined random measurement location instead
of walking the fastest route through the paddock. To minimise measurement walking
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distance, a route optimisation procedure must be employed. This form of route
optimisation problem can be defined as a TSP and a GA can be employed to estimate the
optimum measurement route through a paddock, within a practical time frame (section
2.6.8).
As outlined in chapter 4, the second major source of grass measurement error is HM
prediction error. Error is unavoidable in any form of mathematical modelling. Therefore
when implementing a grass measurement survey, it is necessary to quantify the level of
error in order to justify the effort required to achieve reasonably accurate results. In
chapters 3 and 4 values for RPM measurement and calibration error were outlined.
However, both of these errors are not static and will vary randomly within a certain
probability distribution between measurements. Furthermore, increasing measurement
rate and effort should theoretically result in a decrease in error in accordance with the law
of numbers. The probability, or risk, of measurement error could be predicted over a
number of repeated iterations by a method known as Monte Carlo simulation (section
2.6.7).
There is scope for a DST that could combine total measurement survey error estimations
with route optimisation procedures to enable the development of optimum grass
measurement protocols. This chapter presents the Grass Measurement Optimisation Tool
(GMOT) prototype, a DST designed to increase the accuracy and efficiency of grass
measurement for farmers. The GMOT was designed to generate grass measurement
protocols that optimise for both time and accuracy, dependent on the desired level of
labour the farmer wishes to invest in a measurement survey. The following sections give
an overview of the GMOT system, outline the methodology behind its development and
analyse the potential benefits of the system.
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6.2 Materials and methods

6.2.1

GMOT overview

The purpose of the GMOT was to create an interactive DST that would guide farmers on
how to optimally measure their pastures. The tool was designed to indicate optimum
target measurement locations and the shortest possible measurement route throughout
pastures. The optimum route could then be followed using real-time GPS via an
interactive map on the user’s smart device. Measurement number, location and route were
to be optimised for both accuracy and time. The GMOT prototype was developed to
utilise basic pasture management and geo-spatial information to develop a spatially
balanced and non-biased grass measurement protocol. Calibrations to predict HM that
were built into the GMOT were capable of utilising pasture management information,
such as fertilisation rates and the number of previously performed paddock grazing or
cutting events, to increase HM prediction precision. The main considerations when
designing the GMOT were to 1) develop a grass measurement protocol to accurately
predict the quantity and spatial variation of grazed grass in pastures in terms of HM, 2)
optimise this protocol to minimize grass measurement time and labour requirements, 3)
estimate overall measurement survey error, so that this can be accounted for when
considering labour input and allocating HM to the herd and 4) evaluate the feasibility of
the GMOT for on-farm use by means of a cost benefit analysis. The GMOT prototype
can be accessed at the following link: https://messo.cit.ie/gmot (Appendix D)

6.2.2

Data collection

The GMOT was developed based on data collected over three grazing seasons between
March 2017 and October 2019 at Moorepark. Data were collected on controlled trial plots
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and grazed paddocks as described in chapters 3 and 4. Trial plot data were used for HM
calibration analysis purposes only (chapter 4), whereas paddock data were used for
calibration and spatial analysis (section 3.2.2). Grass CSH measurements and HM
reference cuts were performed as described in chapter 3.

6.2.3

GMOT user interface

The GMOT was developed using Visual Basics for Applications (Microsoft, 2010) to
create a user friendly graphical user interface (GUI) designed in the form of an interactive
paddock map based on the ITM co-ordinate system. A process flow diagram of the
GMOT system can be viewed in Figure 6-1.

Figure 6-1 Process flow diagram representing the main components of the GMOT system , Dist. =
measurement route distance, GUI = graphical user interface, HM = herbage mass, ITM = Irish
Transverse Mercator
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6.2.3.1 GMOT inputs

6.2.3.1.1 Paddock co-ordinates and measurement rate
The main user inputs that were developed within the GMOT were the boundary coordinates (ITM) of the selected paddock for measurement along with user specified entry
and exit points, which were designed in a manner that they could be copied or uploaded
from an external GPS or GIS source. The GMOT was then programmed to generate an
interactive map outlining the paddock boundaries in grey, along with alphabetically
labelled corner points, as seen in the GUI outlined in Figure 6-2. The longitudinal length
of the paddock is then divided into a number of even strata, specified by the user, enabling
random stratified sampling to be applied. Optional user inputs for the sampling protocol
are outlined in the ‘Measurement Protocol Details’ section on the right hand side of the
GUI in Figure 6-2. The first option specifies the desired paddock measurement rate, which
ranges between 1 – 32 ha-1. Once the measurement rate is selected an equal number of
random target measurement locations are allocated within the boundary limits of each
strata. This was programmed using a uniform random number generator to select random
co-ordinates, enabling random stratified sampling to be performed, resulting in a spatially
balanced and non-biased estimate of average CSH as outlined in section 2.3.3.3. A
randomised walking route was then created as a line series connecting the target
measurement locations. The measurement route is represented by the broken blue line in
Figure 6-2.
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Figure 6-2 GMOT graphical user interface , including interactive map of Moorepark paddock. An
optimised measurement route is represented by the blue dashed line. Paddock strata are outlined by
brown dashed lines and paddock boundaries are outlined in grey

6.2.3.1.2 Compressed sward height estimates
The second required GMOT user input detail is estimated average CSH, this value may
be an approximate visual estimate inputted by the user prior to measuring to aid protocol
design. The initial estimate can be updated for more accurate HM analysis with recorded
values for each targeted measurement location once the survey is complete. The CSH
inputs are used to estimate HM using calibrations developed in chapter 4, although these
calibrations can be changed within the system settings to meet changes in seasonal,
regional, or measurement systems requirements. Predicted HM is displayed at the top of
the ‘Pasture Estimations’ section of the GUI. The value of HM measured and the labour
cost can also be specified by the user to allow for cost benefit analysis of each
measurement survey.
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6.2.3.2 GMOT outputs
The main output from the GMOT is the optimised measurement route map indicating the
specified number of target measurement locations and optimum walking route, which is
the shortest practical route that the farmer can travel when measuring a paddock. The first
step in optimising the route involves ordering the measurement route, which arranges the
target measurement location visitation order in terms of longitudinal co-ordinates. The
second step requires optimising the measurement route by activating the route
optimisation algorithm, which minimises route distance. GMOT map outputs of each of
the optimisation steps can be viewed in Figure 6-3 and the development of the algorithm
behind the route optimisation process is discussed in further detail in section 6.2.4.
Additional GMOT outputs are outlined in the ‘Survey Results’ section in the bottom right
hand corner of the GUI in Figure 6-2. These include measurement route distance (m ha1

), estimated walking time (mins ha-1) and labour cost (€ ha-1), along with the estimated

cost benefit value of the measurement survey (€ ha-1).
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Figure 6-3 GMOT interactive measurement route map outputs , including (a) basic ITM coordinate
map of Moorepark paddock (area = 1 ha), (b) random target measurement locations for 20
measurements ha-1 and random measurement route, (c) longitudinal ordered measurement route and
(d) optimised measurement route

Walking time was calculated by factoring the route distance by the average human
walking pace of 1.5 m s-1 (Minetti, 2000). Protocol cost was calculated by factoring time
(hrs) by the user specified average dairy labour unit wage. The default value used was the
Irish average dairy labour unit wage of €15 hour-1 (Teagasc, 2018). The measurement
protocol survey value indicated at the bottom of the ‘Survey Results’ section in Figure
6-2 is the estimated total value of the survey in Euros per hectare (€ ha-1), which was
calculated by subtracting the estimated labour and error costs (€ ha-1) from the value of
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the predicted HM. The value of predicted HM was calculated by placing a value of €0.173
on each kg of HM measured on the basis of the estimated net HM value presented in
Hanrahan et al., (2018). Survey errors were initially estimated as a percentage of predicted
HM, before being converted to kg DM ha-1 and factored by €0.173 kg-1 ha-1 to estimate
survey error cost. Survey error estimates are discussed in further detail in section 6.2.5.
The default HM value can be adjusted within the GMOT to predict survey values in
accordance with regional figures.

6.2.4

Measurement protocol route optimisation process

The GMOT was designed to minimise sampling time and labour input using an in-built
optimum route finding algorithm. The algorithm calculated the shortest route that
encompassed all randomly selected target measurement locations between user specified
paddock entry and exit points. Total measurement route distance was determined as the
sum of the combined distances between the paddock entry point, each target measurement
location and the exit point. This was calculated using Eqn. (2-30).

∆𝑙 = √(∆𝑥 2 + ∆𝑦 2 )

(2-30)

where ∆𝑙 is the distance (m) between consecutive measurement locations, ∆𝑥 is the ITM
longitudinal difference between consecutive measurement locations and ∆𝑦 the
difference in latitude.
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6.2.4.1 Piecewise algorithm
The first step of the route optimisation process is initiated by ordering the route using a
piecewise algorithm (PA). The PA was programmed using an ordering function, which
ordered the measurement route according to the longitudinal co-ordinates of each of the
randomly selected target measurement locations. The PA algorithm significantly reduces
the measurement route distance by removing any crossover points, as seen in Figure 6-3
(c).

6.2.4.2 Route optimisation algorithm
The second step of the route optimisation process is performed by a GA (section 2.6.8.2).
The GA was designed on the basis of an open tour TSP that incorporates an evolutionary
GA. The first step in applying this theory to optimise the GMOT measurement route
involved determining the distances between the entire set of randomly selected target
measurement locations. This was programmed in form of a distance matrix (Appendix
B.1) that calculated the distance between all randomly selected co-ordinates for each
sample rate using Eqn. (2-30), as in similar studies (Jiang, 2010; Rasmussen, 2011).
The next stage programmed into the route optimisation algorithm involved coding a GA
to find the optimum order in which to visit each randomly generated measurement
location. The logic in employing a GA for this process was that manually calculating the
distance of all possible route combinations that would encompass all measurement
locations and subsequently selecting the shortest route was not feasible (section 2.6.8.1).
For example, with a recommended rate of 24 measures ha-1 there are 3.1 x 1023 possible
route combinations. The initial random route distance was calculated using the distance
matrix. The route distance was then programmed to be ordered longitudinally once the
PA was activated, as described in the previous section. Subsequently, the GA was
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activated to further minimise the route distance by altering the measurement location
visitation order.
The main component of the GA is the Excel evolutionary solver, which was coded via
VBA and used to search a vast number of possible route combinations to determine an
optimum solution. The GA was programmed to continue searching the solution space for
the shortest route until specified stopping criteria were adhered to, which were discussed
in detail in section 2.6.8.2. The search parameters selected for the GA (Appendix B.2)
were similar to those outlined by Jiang (2010) and Rexhepi et al., (2013) who also utilised
the VBA solver to optimise similar TSPs. The main components of the GA are
summarised by the pseudocode presented in (Appendix B.2)
The GMOT optimisation process may take several hours (0 – 9 hrs) on conventional
computers depending on the number of measurements selected, due to the computational
complexity of the TSP as previously discussed. Satisfactory optimisation results can be
achieved within 0 – 5 mins and an option to place a time constraint on optimisation was
programmed into the GMOT to enable the user to change the max simulation run time
limit. However, constraining the max simulation run time may result in less optimum
route solutions. The GMOT was designed to be used in the field on handheld devices via
a virtual private network link to a computer with greater processing power, with the aim
of completing the optimisation process within a practical time period. Finally, it is
recommended that a protocol be re-generated for each new survey to ensure that the
selected measurement locations remain random and non-biased. The VBA code for the
GMOT can be viewed in Appendix E.
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6.2.4.3 GMOT route optimisation simulation analysis
The benefits of the route optimisation process in terms of reducing route distance were
evaluated by performing route optimisations on random stratified sampling target
measurement locations on a 1 ha paddock in Moorepark (Figure 6-4) for a range of
measurement rates (N = 1, 2, 4, 8, 16, 24, 32). The paddock was divided into four even
strata based on its ITM co-ordinates and the optimisation process was simulated for 30
random target measurement location generations for each measurement rate. Randomised
route distance values were recorded for each simulation along with the PA and GA
optimised routes. All route values were averaged across all simulations to determine the
overall distance reduction value for each stage of the GMOT route optimisation process.

Figure 6-4 Moorepark 1 ha trial paddock used for route optimisation analysis. The paddock
boundary is outlined in grey and GMOT strata divisions are outlined by purple dashed lines

6.2.5

Measurement survey error estimates

Protocol error estimations made by the GMOT are indicated in the ‘Pasture Estimations’
section on the right hand side of the GUI in Figure 6-2. As measurement and calibration
errors may vary considerably between measurements, estimated values were generated
stochastically based on Monte Carlo simulation analysis (section 2.6.7).
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6.2.5.1 Measurement Error
Sampling of grazed paddocks was conducted on 13 dates over a grass growing season in
Moorepark. Stratified blanket CSH sampling (n = 320 ha-1) was conducted within
paddocks on each measurement date to determine measurement error probability
distributions, as outlined in chapter 3. Average measurement rate error was expressed as
a percentage of ‘true’ mean CSH, taken as the average of all 320 CSH measurements
performed on each date. Randomised error simulations were performed by randomly
selecting a number of CSH measurements taken on each date to estimate mean CSH; this
mean was then compared to the ‘true’ mean of all 320 measurements to determine
prediction error. Random measurement selections were taken in even numbers from each
strata within the paddocks to coincide with each measurement rate. This was repeated for
100 iterations for each measurement date creating a Gaussian frequency distribution with
1300 averaged error values for each measurement rate across the growing season. Error
distributions for each measurement rate can be viewed in Appendix C.1. Simulated
measurement error datasets underwent Shapiro-Wilk tests for normality and if P < 0.05
then values > 3σ were considered outliers and removed (< 2%). Normality tests were
repeated once outliers were removed and if conditions of normality were not met, data
transformations were performed. The mean and SD of each measurement rate error
distribution was then used to program stochastically simulated error values to be applied
to each measurement generated by the GMOT, to predict measurement error for each
survey.

209

Development of a grass measurement optimisation tool to efficiently measure herbage
mass on grazed pastures
6.2.5.2 Herbage mass calibration error
Error for predicted HM was predicted in a similar manner to that of measurement error.
Probability distributions of calibration error were determined using CSH and HM data
collected over three growing seasons, along with residual HM prediction errors from
calibrations developed as part of chapter 4. Error values were calculated in terms of kg
DM ha-1 by comparing predicted HM, from CSH measurements using annual HM and
monthly HM calibrations, with reference HM values from herbage cuts. Error was
expressed in terms of RPE (section 2.6.4.2), which was calculated by expressing
calibration RMSE as a percentage of the actual mean HM value recorded from herbage
reference cuts. Predicted HM error values were then used to develop the Gaussian
distributions shown in Appendix C.2, which were assessed and treated for normality as
in section 6.2.5.1. As for measurement error, calibration error distributions were used to
program stochastically simulated error values to be applied to average predicted HM from
each GMOT measurement survey to account for calibration error.

6.2.5.3 Herbage mass calibration model analysis
As outlined in chapter 4, calibration error is dependent upon the selected HM calibration
for a survey. Monte Carlo analysis was repeated for a number of different calibrations to
investigate the effect of calibration error on overall actual survey error. The analysed HM
calibrations included annual (28% RPE) and monthly (25% RPE) models from chapter 4
and a basic model with a 35% RPE. More accurate hypothetical models were further
included within the Monte Carlo analysis to simulate the potential effects of using the
GMOT with future grass measurement systems, which may have greater HM prediction
accuracy. These included sufficient (10% RPE) and ideal (0% RPE) HM prediction
models. The sufficient model with a target RPE of 10% was selected to investigate the
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recommendations made by Sanderson et al., (2001), who suggested that HM prediction
error must be within 10% to be sufficiently accurate for feed budgeting. The ideal model
represents a hypothetical future grass measurement technology capable of predicting HM
without error.

6.2.5.4 Estimated actual survey error
The GMOT was designed to estimate overall actual grass measurement survey error by
combining stochastic measurement and calibration error simulations based on the analysis
outlined in the previous sections. Actual grass measurement survey error was estimated
by combing predicted measurement and calibration error values. The combined potential
effect of both error sources was predicted using Monte Carlo simulation. This involved
simulating 1000 grass measurement surveys for each measurement rate and HM
calibration, each with Gaussian simulated measurement and HM calibration errors, to
estimate combined actual survey error values. A greater number of simulations than that
of the route optimisation analysis (section 6.2.4.3) was possible because the
computational expense required was not as large. Percentage errors were calculated in
terms of RPE of a mean CSH of 80 mm and HM value of 1257 kg DM ha-1, which were
the average values recorded for these parameters on the plots and paddocks over the three
year period of this study. Estimated average actual survey error across all simulations was
then used to predict average estimated survey errors for individual measurement rates and
HM calibrations.
Simulated surveys assumed a recording of CSH of 80 mm for each measurement.
Stochastically simulated error percentages were then applied to individual measurements
dependent on the selected measurement rate error distribution. Individual measurement
values with simulated error were then used to estimate mean CSH, which was compared
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to the ‘true’ mean CSH (80 mm) to determine measurement RPE. Estimated mean CSH
was then factored into each of the HM calibrations mentioned in section 6.2.5.3 to predict
HM. Stochastically simulated calibration error was then applied to the predicted HM
value as in section 6.2.5.2 resulting in a predicted HM survey value combining simulated
calibration and measurement error. This enabled the prediction of measurement,
calibration and combined actual survey error for each of the 1000 simulations for each
measurement rate and HM calibration. Combining these findings with the route
optimisation simulation results enabled a simulated cost benefit analysis of the GMOT
system to be performed.

6.2.6

GMOT cost benefit analysis

An evaluation of the GMOT system was carried out by applying the results of both error
and route optimisation simulation analyses to design hypothetical grass measurement
protocols for a typical Irish grass-based dairy enterprise. The hypothetical farm scenario
was based on average national figures taken from Teagasc’s National Farm Survey
(Teagasc, 2018) and recent published figures from PBI (Maher et al., 2019; O’ Leary and
O’ Donovan, 2019). Grass measurement practices on the farm were assumed to be in
accordance with current best practice guidelines. The farm was envisaged to utilise on
average 13 tonnes ha-1 and performed 30 grass walks per annum, in accordance with data
from the best performing commercial farms on PBI. The farm area was assumed to be
38.3 ha, which is the average Irish milking platform size. The net profit value placed on
each tonne of HM measured, and therefore assumed to be utilised, was taken as €173
tonne ha-1 yr-1 (Hanrahan et al., 2018). The cost of each survey was determined by
factoring measurement route distance (m ha-1) by survey time (hrs) and labour cost (€ ha1

), as mentioned in section 6.2.3.2. Reductions in survey error were assumed to result in
212

Development of a grass measurement optimisation tool to efficiently measure herbage
mass on grazed pastures
a proportional increase in grass utilisation. The monthly HM calibration mentioned in
section 6.2.5.3 was used to predict HM, as this had the lowest RPE of all RPM calibrations
currently available for Irish grassland. A grass measurement cost benefit analysis was
performed for the farm, assuming GMOT designed measurement protocols were adhered
to for each grass walk, to evaluate the potential financial benefits of the system in terms
of increasing grass utilisation and reducing measurement labour on an annual basis.

6.3 Results and discussion
The following results and discussion are sub-dived into three main sections: 1) route
optimisation analysis, where the results of the GMOT route optimisation algorithm
simulations are outlined, 2) error analysis, the results from the GMOT error analysis
simulations are described along with HM calibration model error analysis and 3) GMOT
system evaluation, an evaluation of the GMOT system benefits is demonstrated for a
typical Irish pasture-based dairy farm.

6.3.1

Route optimisation analysis

The averaged distance of 30 simulated random stratified sampling routes for each
measurement rate on the Moorepark trial paddock are outlined in Figure 6-5. Route
distances are presented in terms of the initial randomised route, the PA ordered route and
the GA optimised route. At measurement rates of 1 ha-1 and 2 ha-1 there was no difference
between any of the route distances as there is only one route option between the paddock
entry point, randomised within strata target measurement locations and exit point. The
first considerable reduction in route distance was achieved at a measurement rate of 8 ha1

with an initial PA reduction of 33 m (11%) and a total reduction of 40 m (13%) when

the GA was implemented. As the number of possible route options increased, the benefit
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of both the PA and GA in terms of distance reduction increased proportionally. Maximum
reductions in measurement distance occur at the rate of 32 ha-1 for both the PA (303 m,
34.9%) and the GA (430 m, 49.4%). At the optimum measurement rate of 24 ha-1
recommended in chapter 3, the PA reduced measurement route distance by 190 m (28.5%)
and employing the GA resulted in a total reduction of 272 m (40.7%). Average CPU
processing time to run the GA optimisation process, on a computer with a Intel Xeon(R)
2.3 GHz processor and 128 GB RAM, ranged from 2.81 hrs at 8 measures ha-1 to 5.01 hrs
at 32 measures ha-1. For practical use of the GMOT in the field, remote access to a high
speed cloud computation facility would be necessary to run the optimisation process
within a practical time period of several minutes.
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Figure 6-5 Averages of 30 simulated measurement route distances of each random stratified
measurement rate for randomised (Rand), piecewise algorithm (PA) and genetic algorithm (GA)
routes

The piecewise algorithm was efficient at reducing distance within one second of CPU
time for all sampling rates above 2 ha-1. Preliminary tests in the development stage of the
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GA indicated the optimisation process worked more efficiently when the route was
initially ordered using the PA, as the objective function and initial population were much
closer to the optimum. Sathyan et al., (2015) and Xiong et al., (2017) used similar route
ordering techniques in attempting to solve TSPs for unmanned vehicle route optimisation.
The GA, was effective at reducing the measurement distance for all measurement rates >
2 ha-1, which is in agreement with a number of other studies (Jiang, 2010; Patterson and
Harmel, 2003; Rasmussen, 2011) and all GA simulations converged to within the
specified parameter limits outlined in section 6.2.4.2.

6.3.2

Error analysis

6.3.2.1 Error frequency distributions
Gaussian error distributions for all measurement rates between 1 ha-1 and 8 ha-1 were
found to be negatively skewed (P < 0.05) (Appendix C.1) indicating that measurement
error was biased towards overestimating mean CSH. To meet conditions of normality a
constant was added to each dataset and a square root transformation performed. Likewise,
the frequency distribution for HM error was also negatively skewed (P < 0.001)
(Appendix C.2) and adding a constant with a log transformation enabled conditions of
normality to be met. Negative HM error skews may have also resulted from the
overestimation of the mean CSH values, which were used to predict HM. Barthram et al.,
(2005), found that sward height measurements within grazed pastures were typically
positively skewed as a result of disproportionately high areas of pasture caused by grazing
effects and recommended a log normal distribution to best fit this data. The negative HM
skews found in this chapter may be linked to the overestimation of mean CSH caused by
the accidental measurement of patches of less palatable tall grass within the sward that
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surrounded dung pats or had gone to seed head, which were rejected by grazing animals.
Likewise, overestimations could have been caused by depressions in the soil surface,
resulting from animal poaching by grazing in wet weather. These phenomena may explain
some of the large overestimations in CSH and HM, which caused the negative skews
within the error frequency distributions developed as part of this chapter.

6.3.2.2 Error simulation results
Average error analysis results of Monte Carlo simulations for simulated measurement
surveys for each measurement rate are presented in Figure 6-6. Measurement survey RPE
is presented in three forms: 1) measurement error, estimated from the selected number of
measurements ha-1, 2) calibration error, based on the RPE of the selected HM prediction
model and 3) actual error, which is the combination of both measurement and calibration
error.
Mean calibration error (25.9%) was more than three times measurement error (8.4%) and
was relatively constant across measurement rates. Measurement error decreased
exponentially as measurement rate increased, as reported in chapter 3 and in similar
studies (Hutchinson et al., 2016; O’ Sullivan et al., 1987). From Figure 6-6 it can be
observed that the largest reduction in measurement error (11.9%) occurred as the
measurement rate increased from 1 - 2 measurement ha-1. There were more gradual
reductions in error between 2 – 4 measurements ha-1 (8.6%), 4 – 8 measurements ha-1
(3.1%) and 8 - 16 measurements ha-1 (2.1%). The relative reduction in measurement error
was substantially lower as the measurement rate increased from 16 – 24 measurements
ha-1 (0.6%) and 24 - 32 measurements ha-1 (0.3%). Mean actual measurement error for
the RPM across all measurement rates was 28.1%, which is similar to findings made in
chapter 4, along with further findings made by Klootwijk et al., (2019b) and Sanderson
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et al., (2001). Nakagami (2016) using Monte Carlo simulations, estimated that that HM
prediction errors could be maintained within 20% of the mean using two RPM
measurements per paddock on Japanese grasslands, however, discovered that error
increased considerably when this method was validated in a field study.
Similar to measurement error, the largest decrease in actual error was observed as
measurement rate increased from 1 – 2 measurements ha-1 (7.46%), with more gradual
decreases occurring at 4 (3.3%) and 8 (0.8%) measurements ha-1. Actual error became
relatively constant at just over 25% at rates between 8 – 32 measurements ha-1. The
minute decreases in actual error as the measurement rate increased from 8 - 32
measurements ha-1 were most likely a result of the relatively high calibration error
(25.9%) overshadowing the minimal reduction (3%) in measurement error observed
between these rates. Therefore, there is minimal benefit in increasing RPM measurement
rates above 8 ha-1. This measurement rate is lower than the sampling rate of 24
measurements ha-1 recommended in chapter 3, which focused solely on measurement
error.
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Figure 6-6 Average values of Monte Carlo simulations (n = 1000) for measurement survey actual,
measurement and calibration errors for each measurement rate.

6.3.2.3 Herbage mass calibration model error analysis
The findings of this study confirm that HM calibration accuracy is the largest source of
error with regard to the RPM. Several studies have shown that the selection of a suitable
RPM HM calibration model impacts on overall HM measurement error and ultimately
grass budgeting costs (Holshof et al., 2015; Rayburn et al., 2017; Sanderson et al., 2001).
Furthermore, there is scope for improving the overall accuracy of the RPM by developing
more accurate sward and seasonal specific calibrations using novel modelling techniques,
as outlined in chapter 4. In this chapter the author wanted to investigate the relationship
between HM calibration accuracy, measurement rate and actual survey error, to establish
if reducing model error could greater utilise the route optimisation potential of the
GMOT. Figure 6-7 presents an analysis of the effect of HM calibration error on actual
survey error. This analysis shows that even for a hypothetical sufficiently accurate HM
prediction model with 10% RPE, there is only a small decrease in actual error (0.4%)
when the measurement rate is increased from 8 – 16 measurements ha-1, with negligible
decreases in error as the measurement rate is further increased beyond 16 measurements
ha-1. For the hypothetical ideal HM prediction model, potential reduction of actual error
increased (1.8%) between 8 – 16 measurements ha-1 and there was a further small
reduction in error (0.7%) between 16 – 24 measurements ha-1. Beyond 24 measurements
ha-1, error reductions for the ideal HM prediction model were negligible. This is due to
the natural heterogeneity of the sward within a paddock. Even if an ideal grass
measurement system was employed, blanket sampling would be required in order to
completely eliminate prediction error. These findings are in agreement with those of
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chapter 3. Moreover, these results indicate that a considerable increase in HM calibration
accuracy is required to greater utilise the route optimisation potential of the GMOT and
higher GMOT measurement rates may become more feasible with the onset of future
grass measurement systems with lower RPE values. These results further indicate that
there is little benefit, in terms of error reduction, in measuring at a rates greater than 8 ha1

unless a measurement system with much greater HM prediction accuracy is developed

in the future.
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Figure 6-7 Monte Carlo simulated grass measurement actual survey error (n = 1000) for basic (35%
RPE), annual (28% RPE) and monthly (25% RPE) rising plate meter calibrations, along with
hypothetical herbage mass prediction models for sufficient (10% RPE) and ideal (0% RPE) future
measurement systems

6.3.3

GMOT system evaluation

Cost benefit analysis predictions for a typical Irish dairy farm following best practice
grass measurement guidelines and using the GMOT to design each grass walk are
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presented in Figure 6-8. Figure 6-8 details annual measurement costs based on different
GMOT designed protocols, which vary in terms of measurement rate ha-1 and random
stratified sampling route. Further illustrated in Figure 6-8 is the net value (€ ha-1 yr-1) of
each measurement rate, which is the potential value of HM utilised minus survey error
and labour cost. The same calculation process is used to generate the survey value output
in the GMOT. Ballari et al., (2012) used a similar approach to optimise sampling locations
for wireless sensor networks by estimating and minimising the cost of producing
inaccurate predictions, with the ultimate aim of increasing the value of measured spatial
information. Figure 6-8 outlines how measurement cost is proportional to HM utilisation.
As measurement rate increases and error decreases, in accordance with Figure 6-6,
measurement cost rises as the survey route becomes longer. Protocols designed at the rate
of 1 measurement ha-1 were assumed to be the base reference of survey value, where the
farmer is currently utilising 13 tonnes of DM ha-1 throughout the year by using simple
grass measurement techniques with no rigid protocol. Measurement value peaked at
€2500 ha-1 yr-1 for the GMOT GA designed protocol at a measurement rate of 8 ha-1, with
a corresponding measurement cost of €73 ha-1 yr-1. The largest increases in measurement
value (€290 ha-1 yr-1) were achieved by increasing the measurement rate from 1 - 8 ha-1.
As the measurement rates increased from 8 - 32 ha-1, increases in measurement costs
coupled with lower decreases in survey error resulted in reduced net measurement values
for all protocols. The cost reduction benefit of both the PA and GA designed routes were
negligible at measurement rates 1 – 4 ha-1 and became more evident as the measurement
rate increased above 8 ha-1. At 8 measurements ha-1 the PA and GA reduce measurement
costs by €6 ha-1 and €7 ha-1 per annum, respectively. Maximum measurement cost
reduction for all GMOT GA designed routes was achieved at the rate of 32 measurements
ha-1 with reductions of €81 ha-1 yr-1 (50%) in comparison with the random route and €24
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ha-1 yr-1 (22%) for the PA route. The GMOT GA designed route at a measurement rate of
8 ha-1 increased net measurement value by €11,131 per annum across the average size
dairy farm (38.3 ha) by reducing survey error and cost. Survey error reductions resulted
in an increase in grass utilisation of 1.7 tonnes DM ha-1 yr-1, whereas measurement cost
was curtailed by €7 ha-1 yr-1.
GA designed routes reduced measurement cost by 13% at the optimum measurement rate
of 8 ha-1 and cost reduction became greater as measurement rates increased, which further
highlights the greater potential benefits of GA designed routes if HM calibration accuracy
is increased. The net decrease in measurement value above the rate of 8 measurements
ha-1 was a result of negligible decreases in survey error due to the overshadowing effect
of the relatively high calibration error, as previously discussed in section 6.3.2.2.
Although if calibration error was substantially reduced it may become feasible to increase
the optimal measurement rate, thus increasing the value of GA designed routes. The
random stratified sampling strategy and geo-statistical approaches upon which the GMOT
is designed are dynamic and will be applicable to many future grass measurement
technologies with potentially lower HM prediction errors.

221

Development of a grass measurement optimisation tool to efficiently measure herbage
mass on grazed pastures
Rand cost
Rand value

PA cost
PA value

GA cost
GA value
180
160

2500
140
2400

120
100

2300
80
2200

60
40

Measurement cost (€ ha-1 yr-1)

Annual measurment net value (€ ha-1 yr-1)

2600

2100
20

2000

0
1

2

4

8

16

24

32

Measurement rate ha-1
Figure 6-8 Cost benefit analysis of random (Rand), piecewise algorithm (PA) and genetic algorithm
(GA) generated measurement routes for different measurement rates designed by the GMOT.
Analysis was based on an average sized dairy farm (38.3 ha) following current best practice grass
measurement guidelines and utilising 13 tonnes DM ha-1 yr-1

6.3.4

GMOT benefits

The benefits of the outputs from the GMOT include removing operator subjectivity along
with increasing the precision and efficiency of both grassland measurement and
management. By using the GMOT farm managers can estimate the accuracy of their
measurements, enabling margins of error to be accounted for when allocating areas of
herbage to the herd. Furthermore, farmers can accurately predict the time inputs required
and allocate sufficient time in their weekly schedule to achieve the desired level of
accuracy from their farm walk. Conversely, GMOT designed measurement routes would
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require the use of a smart device and may take more time to follow in comparison to
simple pasture measurement methods, such as measuring by transects. The farmer would
also need an internet connection for remote access to a cloud based server to run the route
optimisation process. Moreover, the objectivity of measurement location selection may
be limited by the precision of the GPS system used in tandem with the GMOT. However,
the survey value calculated by GMOT highlights the financial incentive of regular and
precise grass measurement and may entice farmers to conduct more grass walks
throughout the year. Additionally, the GMOT outputs enable grassland measurement
surveys to be outsourced at a price based on predicted time, effort and accuracy.
Moreover, using the GMOT when outsourcing measurements would ensure that a
predetermined protocol that maintains measurement standards is adhered to. The GMOT
was designed primarily for Irish PRG dominant grazing production systems, however,
the sampling principles upon which it was designed are applicable to any pasture-based
system and could further be applied to ‘zero grazing’ systems, which are more common
within the EU. Moreover, further reductions in optimum measurement rate and time could
be possible on ‘zero grazing’ systems as a result of greater sward homogeneity, due to
absence of grazing effects. Furthermore, region and species specific HM calibrations can
be uploaded to the GMOT to enable the analysis of different sward types.
The random stratified sampling strategy employed by the GMOT enables sward
heterogeneity to be accurately predicted by geostatistics. Random stratified sampling
enables geostatistical procedures, such as Kriging interpolation, to be employed to
generate yield maps using the geo-tagged measurement data outputs produced by the
GMOT (section 2.3.3.3). This will enable further research into seasonal variation in sward
heterogeneity and its effects on grass measurement precision. Furthermore, the
geostatistical principles on which the GMOT is based are directly applicable to herbage
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sampling for quality analysis and soil sampling. The GMOT has multiple potential
benefits with regard to facilitating the application of precision agricultural technologies
to grassland farms, in areas such as targeted fertilisation and management, as outlined in
section 2.5.
The findings of this study indicate that HM calibration is the largest source of RPM error
once a robust measurement protocol is adhered to. The inbuilt GMOT HM calibrations
can be modified per region and season to reduce calibration error. These calibrations can
further be updated in accordance with future research. Although the GMOT was designed
in conjunction with the RPM, the random stratified sampling and geostatistical principles
upon which it is designed can be modified to work with a range of grass measurement
systems. There is scope to utilise the design principles of the GMOT to enable the
automation of grass measurement in the future, by either aerial or terrestrial unmanned
vehicles, such as those discussed in section 2.5. This potential is highlighted in a similar
study by Xiong et al., (2017) who developed a terrestrial drone for targeted weed
eradication, which followed TSP designed optimised routes.
Results from this chapter indicate how measurement rate and effort can be reduced
compared to rates recommended in chapter 3 and in other previous studies (Hutchinson
et al., 2016; Klootwijk et al., 2019a) once GMOT designed routes are followed, thus
highlighting the tool’s potential to reduce grass measurement labour inputs. Although
CPU time was too large for practical real-time optimisation in the field using the GA
coded in VBA; this software makes the GMOT prototype available to a wide range of
users at minimal cost. The authors hope the availability of this software will promote the
potential benefits of the GMOT and lead to its development for use in industry. The
authors envisage that this prototype will lead to a DST application that will promote more
accurate, efficient and frequent grassland measurement.
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6.4 Conclusion
To conclude, the main findings from this chapter on developing a grass measurement
optimisation tool to increase pasture management precision and efficiency were as
follows:

•

A GMOT prototype was developed to promote more accurate and efficient grass
measurement

•

The GMOT utilised random stratified sampling, GPS coordinates, a GA and
sward specific HM prediction calibrations to optimise measurement accuracy and
time

•

GMOT outputs include optimised measurement route maps along with estimated
measurement survey financial value, cost, error and time

•

Monte Carlo analysis of GMOT outputs found that the main source of error for
the RPM was calibration error, which was more than three times larger than
measurement error

•

Cost benefit analysis of GMOT outputs showed a diminishing rate of returns in
net measurement value when performing more than 8 measurements ha-1

•

GMOT outputs enable optimal grass measurement of pasture by performing 8
measurements ha-1 in a random stratified manner using the RPM

•

The geostatistical design principles of the GMOT are dynamic and can be applied
to a range of pasture measurement technologies
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7 Global Discussion
This chapter presents a global discussion of the significant findings of this thesis in
relation to the problem statement outlined in chapter 1, which further aims to address the
gaps in the seminal research presented in chapter 2. As stated in chapter 1, currently no
definitive methods exist to measure the spatial and temporal variation of pasture quantity
and quality within Irish pastures. This thesis aimed to optimise state of the art grass
measurement technologies to address the problem statement and research objectives
outlined in chapter 1, which were dealt with chronologically in each of the main research
chapters.
The initial objective of this thesis was to benchmark the accuracy of Ireland’s most
prominent grass measurement tool, the RPM, while further quantifying the level of spatial
variation within Irish pastures. Chapter 3 investigated the spatial variation of HM within
grazed paddocks, determined the number of RPM measurements required to accurately
predict mean HM and assessed the precision of the RPM in terms of measurement
repeatability. Intensive CSH measurements and HM reference cuts were carried out on
controlled plots and grazed paddocks over two grazing seasons. Sward heterogeneity was
estimated as the CV of CSH and compared to empirically derived ‘true’ sward
heterogeneity in terms of HM CV. Retrospective analysis simulations were performed to
define the relationship between measurement rate and mean CSH estimation error.
Repeated measures analysis was performed on grass samples to determine RPM
measurement system precision. Based on the results of this chapter the following
significant findings were observed:
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•

General results: Factors that affected sward heterogeneity included sward N
fertilisation rate, clover content, morphology, seasonality and grazing. Grazing
effects including selective grazing and animal excreta deposition, had the largest
impacts on sward heterogeneity. RPM measurement repeatability was 4.34 mm
and recommended measurement rates were applicable to both PRG and PRG/WC
paddocks.

•

Novel findings: The value of HM within swards varied on average by 36%
throughout the grazing season. This was the equivalent of ± 540 kg DM ha-1,
which is a considerable amount in terms of pasture allocation. Variation between
CSH measurements was related to HM variation, thus implying that a robust RPM
measurement protocol could be used to quantify sward heterogeneity. Mean CSH
within pastures could be estimated to within 5% error by recording 24
measurements ha-1 in a random stratified manner. Recording ≥ 40 measurements
resulted in a diminishing rate of returns in terms of measurement error reduction.
This measurement rate was lower than manufacturer recommended rates.

The findings from chapter 3 accomplished the first objective of this thesis and underpin
the need for standardised grass measurement protocols, to account for the variation of
HM within swards and increase the precision of HM allocation. Furthermore, the
decaying exponential relationship between RPM measurement rate and error found in this
chapter, outlined the potential to optimise measurement effort in line with precision.
Results from this chapter were used to inform the development of the GMOT in chapter
6.
The second objective of this thesis was to optimise the HM prediction accuracy of the
RPM. In chapter 4, the utilisation of grassland management and climate data for more
accurate prediction of HM using the RPM was assessed by means of MLR. A range of 17
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variables were assessed for MLR analysis through a combination of backward sequential
variable selection, all subsets regression and k-fold validation. Models were developed
using monthly coefficients and evaluated in terms of RMSE. Variable prediction power
was assessed by standardised regression analysis. The HM prediction models developed
in this chapter demonstrated the following findings:
•

General results: the utilisation of meteorological variables for evaporation,
precipitation and soil temperature increased HM prediction performance
slightly, however, this increase was not sufficient to warrant the development
of on-farm meteorological

sensing

technologies. Precipitation

and

evaporation indicated the level of surface water resting on the sward, which
impacted on recorded CSH. Soil temperature was linked to the morphological
growth stages of the sward, which in turn affected HM and recorded CSH.
The management variables of N fertilisation and grazing rotation further
increased HM prediction accuracy. Similar to soil temperature, grazing
rotation number explained morphological changes in sward composition,
whereas fertilisation rate related to sward density and weed infiltration. HM
prediction error varied across the grazing season and peaked in late summer.
•

Novel findings: Reductions in HM prediction error of 20 – 33% (RMSE) were
achieved in comparison to state of the art models used on Irish pastures. The
optimum MLR model proposed in this chapter utilised the variables CSH, N
fertilisation rate and grazing rotation number. These variables are currently
recorded by online pasture management DST software, such as PBI. The
recommended MLR model was suitable for integration with this software to
enable more precise HM prediction on Irish pasture.
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In line with objective two of this thesis, the MLR models developed as part of chapter 4
increased HM prediction accuracy by utilising pasture management and meteorological
data. Although, meteorological data did not sufficiently improve model performance, the
cost of on-site meteorological sensor units may become financially viable in the near
future to justify research into their use for HM prediction at farm level. Furthermore, the
benefits of recording on-site meteorological data may be of greater value in the future for
calibrating proximal and remote sensing technologies for pasture measurement, as
outlined in section 2.5. The HM calibrations developed in this chapter were not precise
in terms of RPE, although indicated considerable improvement in comparison with state
of the art RPM calibrations. Further improvements in HM prediction accuracy using the
RPM in conjunction with management and climate data may be achievable using ML
techniques (section 2.6.3). Similar to the measurement error outlined in chapter 3, precise
knowledge of HM prediction error would enable the farmer to account for this when
allocating areas of herbage to the grazing herd. Both measurement and HM calibration
error findings from chapters 3 and 4 were combined to estimate overall HM measurement
precision for the RPM as part of the development of the GMOT in chapter 6.
Research objective three focused on the measurement of pasture quality, which was
addressed in chapter 5. The method of NIRS was assessed for more rapid analysis of
parameters DM and CP in fresh grass. Perennial ryegrass samples (n = 1,615) were
scanned using NIRS over two grazing seasons in Moorepark to develop a calibration
dataset. Additional samples for an independent validation dataset (n = 197) were collected
over a third grazing season. Reference wet chemistry analysis was carried out for both
parameters and the resultant data were calibrated against spectral data, by means of MPLS
regression. Developed calibrations were ranked in order of SEP and RPD and the main
findings from this chapter were as follows:
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•

General results: The calibrated NIRS equations were capable of predicting
unseen values of DM and CP in fresh grass to within acceptable limits (RPD
> 2). Calibrations for CP achieved moderate prediction performance, whereas
DM calibrations achieved a high level of prediction performance. Poorer CP
prediction was a result of the overshadowing spectral absorption effects
caused by the high presence of moisture in fresh grass.

•

Novel results: Top performing NIRS calibrations for CP were capable of
categorising the quality of pasture, whereas DM calibrations were sufficiently
precise to replace laboratory analysis methods. The developed calibrations
will reduce laboratory costs and streamline quality analysis of herbage. These
calibrations could be used for benchmarking and developing portable NIRS in
the future, which could lead to on-farm pasture quality analysis.

Objective three of this thesis was accomplished by the calibrations developed as part of
chapter 5. The developed NIRS calibrations will enable more rapid pasture quality
research that may in turn lead to improved herbage allocation on the basis of sward quality
status and the dietary requirements of the grazing herd. Rapid pasture quality analysis in
conjunction with a robust geo-referenced sampling protocol, such as that presented in
chapter 6, will enable targeted management of pastures in the future; by methods such as
targeted N fertilisation through variable rate fertilisation technologies. Consequently, this
should lead to reduced environmental impacts through N leaching and further reductions
in N input costs.
Chapter 6 combines the findings of chapters 3 and 4 of this thesis to develop a grass
measurement optimisation tool (GMOT) to accurately and efficiently measure grazed
pastures. This was achieved by creating a VBA based DST that generated interactive
paddock maps. The maps were designed to guide a farmer to optimally measure their
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pastures using random stratified sampling based on GPS co-ordinates, resulting in
accurate non-biased estimations of mean HM. Measurement routes were optimised using
a GA based on a TSP. Actual survey error was estimated in terms of relative prediction
error using Monte Carlo simulations that combined measurement and calibration error
distributions, generated from data collected as part of the research carried out in chapters
3 and 4. Cost benefit analysis was conducted to evaluate the feasibility of using the
GMOT on Irish grasslands. The development of the GMOT resulted in the following
findings:
•

General results: The developed route optimisation algorithms were
effective at minimizing grass measurement routes. The PA was more
efficient at route optimisation in terms of CPU time compared with the
GA, however, the GA was more effective at route optimisation. HM
calibration error was found to be the largest source of error for the RPM.

•

Novel findings: Actual error (RPE), which combined calibration and
measurement error, for the RPM was found to be 28.1%. Minimal benefits
in terms of accuracy were achieved by increasing RPM measurement rate
above 8 ha-1. The benefit of increasing this measurement rate could be
increased in the future if the GMOT is used with more accurate grass
measurement technologies. For a hypothetical ideal HM measurement
system there was little benefit in increasing the measurement rate above
24 ha-1, due to the heterogeneity of the pasture within a paddock. The
potential financial benefits of the GMOT were estimated to represent an
increase in income of €11,131 for an average Irish dairy farm. This benefit
was estimated to be as a result of reductions in grass measurement labour
costs and greater precision with regard to herbage allocation, thus
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increasing grass utilisation. The geo-referenced measurements recorded
using the GMOT are non-biased and spatially balanced and can be used to
generate heat maps for targeted pasture management applications.
The development of the GMOT in chapter 6 achieved the fourth objective of this thesis
and subsequently connected the research findings from chapters 3 and 4, resulting in
estimates of overall grass measurement precision using the RPM. The precision of the
RPM (28.1% RPE) has been defined and this will serve as a benchmark for all future
developments in grass measurement technology. As a result of the relatively high
calibration error of the RPM, there was little benefit in increasing the measurement rate
above 8 ha-1. These results confirm that considerable savings in RPM measurement effort
can be made without sacrificing precision by recording 8 measures ha-1; however, a
random stratified sampling measurement protocol must be adhered to. This is much lower
than the recommend measurement rate of 24 ha-1 outlined in chapter 3, which only
accounted for measurement error, and the manufacturer recommended rate of 30 ha-1.
However, analysis for a hypothetical ideal measurement system with no HM prediction
error showed that 24 measurements ha-1 was the optimum measurement rate, as the
heterogeneity of the sward over-shadowed any potential benefits in terms of increased
measurement precision that were achieved beyond this rate. To overcome sward
heterogeneity and achieve absolute minimum error for an ideal measurement system,
blanket sampling would need to be performed. Chapters 5 and 6 are also linked, the
random stratified sampling grass measurement protocols generated by the GMOT are
applicable to herbage sampling for NIRS analysis and other means of pasture sampling
such as: grass measurement using other non-destructive sampling tools, botanical
composition analysis and soil sampling.
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The research in this thesis has outlined the requirement for robust sampling protocol
design to account for spatial heterogeneity of both pasture quantity and quality and this
must be considered within the design of any future grass measurement technology. The
random stratified sampling strategy utilised throughout the main research chapters of this
thesis offers a robust, objective and spatially balanced means of accounting for pasture
heterogeneity. Traditionally random stratified sampling has only been used within a
research setting as it has been difficult to implement at farm level, however, the GMOT
overcomes this issue by utilising real-time GPS technology. The geo-tagged measurement
location outputs from the GMOT can be used to generate heat maps that show variations
in pasture quantity and quality within paddocks. Such maps will be of benefit for future
research into seasonal pasture heterogeneity and precision herbage allocation.
Furthermore, heat maps of pasture yield and quality would aid the dissemination of
measurement information to farmers and underline requirements for targeted grassland
management. Future increases in the precision of measurement technology may lead to
greater benefits from recording more measurements ha-1 than the optimal measurement
rates outlined for the RPM in this thesis, however, more measurement effort would then
be required. One means of resolving the issue of greater measurement effort and labour
requirement may be automation, as outlined in section 2.5. Drone based measurement
technologies will need to follow optimum measurement routes to minimise cost and
ensure adequate data is recorded. The protocol development principles and technology
within the GMOT could be further used to automate grass measurement in the future.
There were a number of limitations to the research carried out as part of this thesis. The
research in chapter 3 was conducted over two grazing seasons; however, seasonal
variation in HM heterogeneity could not be clearly defined, as year 2 of the study was
hampered by the severe drought conditions experienced in Ireland during the summer of
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2018. In chapter 4, the HM calibrations developed using meteorological variables only
accounted for the real-time effects of weather conditions on grass measurement; more
information may have been gained by considering the effect of these variables on HM
over a longer time period. The effects of clover on sward dynamics were only investigated
in chapter 3, resource limitations on this study meant that clover was not included in the
HM and quality calibrations developed in chapters 4 and 5. As discussed in section 2.2.4,
the environmental and feed quality benefits of clover have resulted in an increased
emphasis on its inclusion within Irish swards and any future developments in grass
measurement will need to account for this. The NIRS calibrations developed in chapter 5
only accounted for DM and CP content, which may not be the most suitable parameters
for predicting herbage quality in terms of digestibility, dietary requirements and intake.
More suitable parameters, such as OMD, may need to be included in these calibrations to
aid research into increasing the precision of herbage allocation on the basis of grass
quality measurements. Finally the GMOT developed in chapter 6 is a prototype and its
route optimisation algorithm will need to be modified to optimise measurement routes
within a practical time period for on-farm use. Additionally, the GMOT map interface
will need to be synchronised with portable devices so that optimised measurement routes
can be followed using real-time GPS in the field.
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8 Global Conclusion and
Future Work
This thesis initially benchmarked state of the art grass measurement practices and the
level of heterogeneity within Irish grazed pasture. Secondly, state of the art technologies
for measuring grass quantity and quality were optimised in terms of measurement
precision, and finally a DST was created using grass measurement protocols developed
in this thesis to objectively measure pasture. The conclusions from this thesis are as
follows:
•

Average within sward HM heterogeneity on Irish PRG dominant dairy pasture
varies by 36% (540 kg DM ha-1) throughout the grazing season

•

The relationship between RPM measurement rate and mean CSH estimation error
is in accordance with the law of diminishing returns

•

RPM HM calibration accuracy can be improved by 20-30% using data from
management variables for N fertilisation rate and grazing rotation within monthly
MLR models

•

Near infrared spectroscopy is a viable method for determining fresh grass quality,
with the potential to replace laboratory analysis and improve the precision of
herbage allocation

•

Actual HM measurement error for the RPM is 28.1% (RPE), with calibration error
being the largest source of overall measurement error. Consequently, the optimum
235

Global Conclusion and Future Work
measurement rate for the RPM in terms of precision and labour efficiency is 8
measures ha-1. This measurement rate is dependent upon the accuracy of the
measurement system and the adherence of a random stratified sampling
measurement protocol
•

A Grass measurement optimisation tool has been developed to generate objective,
specially balanced protocols to accurately and efficiently measure the spatial
heterogeneity of Irish pasture in a manner that accounts for measurement error

The following paragraph outlines recommendations for future work that could progress
from the outputs of this thesis. Firstly, a more long term study could be conducted to gain
a better understanding of the temporal variation of HM within pasture. The data collected
during the drought period discussed in chapter 3 may be useful to investigate the effects
that drought conditions may have on grass measurement; such conditions may become
more prevalent in the future due to climate change. A study on combining real-time
measurement data with HM growth models, which account for the delayed effect of
meteorological variables on grass growth, may result in more optimal HM prediction.
Furthermore, state of the art ML techniques could be used to exploit more information
from the relationship between RPM, grass management and meteorological data and HM,
to increase HM prediction accuracy. The expansion of the NIRS calibrations outlined in
chapter 5 for additional parameters such as OMD, DMD and ME would increase the
potential for quality based herbage allocation. Moreover, these calibrations could be used
to benchmark and develop portable NIRS technologies for on-farm grass quality analysis.
Finally, the further development of the GMOT outlined in chapter 6 could serve as the
foundation for a range of future grass measurement technologies and PA applications for
pasture-based livestock production systems.
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To conclude, the research in this thesis has benchmarked state of the art measurement
accuracies for fresh grass quantity and quality and will facilitate the development of future
PA technologies for pasture-based livestock production.
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Table A.1 Monthly herbage mass prediction coefficients for model H, the top performing model with
meteorological variables

Month
Jan
0
Feb 575.613
Mar 792.176
Apr -249.312
May -194.835
Jun -116.962
Jul 907.337
Aug 1381.242
Sep 2212.064
Oct 888.885

Fert
1.490
-0.181
0.187
0.142
0.250
0.710
0.224
0.407
0.609
0.285

CSH
0.105
12.361
2.207
16.761
21.546
17.163
10.344
14.570
16.363
19.258

Rot
0
-640.158
-325.590
-163.480
71.079
65.703
-291.240
-219.083
-210.521
-164.323

Rain
0
-157.022
131.341
-1.546
7.025
-7.085
34.140
-2.291
-12.252
-2.119

Soil
193.247
31.895
-105.950
51.628
-43.193
-22.930
85.877
10.439
-48.798
-22.192

Evap
0
222.916
588.075
20.247
0.106
-30.992
-99.161
33.459
47.155
456.076

Fert = annual nitrogen fertilisation (kg ha-1), CSH = compressed sward height (mm), Rot = grazing rotation,
Rain = average daily precipitation (mm), Soil = mean daily 10 cm soil temperature (°C), Evap = average daily
evaporation (mm)
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Table A.2 Monthly herbage mass prediction coefficients for model D, the top performing model
without meteorological variables

Jan
Feb
Mar
Apr
May
Jun
Jul
Aug
Sep
Oct

Month
1080.637
793.874
-58.632
327.184
-710.651
-454.970
2068.783
1677.014
1458.712
1217.611

Fert
1.4899
0.1172
0.1248
0.0197
0.3331
0.7181
0.0979
0.3887
0.7166
0.2687

CSH
0.105
11.617
7.896
19.194
20.824
17.344
13.347
14.665
13.911
19.113

Rotation
0
-515.013
46.238
-213.184
65.215
27.256
-297.236
-220.726
-181.773
-165.992

Fert = annual nitrogen fertilisation (kg ha-1), CSH = compressed sward
height (mm), Rot = grazing rotation

Table A.3 Monthly herbage mass prediction coefficients for model B

Month
Jan 154.7083319
Feb 194.4362863
Mar 94.09949096
Apr 339.9494563
May 499.6082862
Jun 242.7401697
Jul 244.6074682
Aug 300.0476404
Sep 256.2810869
Oct -594.819102

CSH
13.9442
18.7816
7.90078
19.5476
21.9735
18.2065
19.5886
19.8505
18.4156
24.2169

CSH = compressed sward height (mm)
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Appendix B.1

Table B.1 Distance matrix for a rate of 24 measurements ha-1 used to calculate distances (m) between
randomly selected targeted measurement co-ordinates (ITM). Target measurement locations are
numbered in order of longitudinal values from left to right in the North direction
14

15

16

17

18

19

20

21

22

23

24

Exit

113.1

136.5

112.1

110.1

122.9

145.1

161.5

183.1

152.1

185.3

158.1

168.1

202.4

101.0

123.1

95.7

96.0

106.7

132.6

148.0

170.7

140.3

171.1

145.7

155.5

190.8

71.3

94.1

70.0

67.5

80.7

103.1

119.1

141.2

110.5

142.7

116.2

126.1

161.0

105.7

127.3

98.9

100.1

109.9

137.2

152.2

175.1

145.0

175.0

150.2

160.0

195.5

63.1

84.2

57.3

57.0

68.2

94.2

109.1

132.1

102.2

132.1

107.2

117.0

152.6

89.8

110.2

80.2

82.9

91.3

120.6

134.8

158.3

128.8

157.1

133.6

143.2

179.1

89.5

110.5

81.7

83.3

92.8

120.7

135.4

158.5

128.7

158.0

133.7

143.4

179.1

70.2

86.6

53.3

60.0

64.2

98.2

110.4

134.8

107.0

131.2

110.7

119.9

156.2

45.8

62.4

31.4

35.5

42.4

73.7

86.5

110.6

82.5

108.2

86.3

95.6

131.9

60.7

81.4

53.9

54.1

64.8

91.6

106.2

129.4

99.7

129.0

104.6

114.3

150.0

44.1

67.4

47.8

41.5

57.5

76.0

92.3

114.1

83.4

116.2

89.1

99.0

133.9

67.4

84.1

51.2

57.4

62.1

95.6

107.9

132.3

104.4

129.0

108.2

117.3

153.7

33.1

56.6

40.4

31.4

49.0

65.0

81.5

103.0

72.3

105.5

78.0

88.0

122.8

0.0

25.1

32.6

14.6

33.4

32.0

49.2

70.0

39.3

73.8

45.0

55.0

89.8

25.1

0.0

36.4

27.3

29.2

12.7

25.0

48.3

21.9

49.0

24.2

33.2

69.5

32.6

36.4

0.0

18.1

11.0

49.0

57.9

82.9

58.3

77.9

60.2

68.4

104.6

14.6

27.3

18.1

0.0

21.0

38.3

52.1

75.5

47.0

75.2

51.0

60.4

96.6

33.4

29.2

11.0

21.0

0.0

41.9

48.3

73.4

51.0

67.3

51.9

59.4

95.2

32.0

12.7

49.0

38.3

41.9

0.0

18.9

38.1

9.2

43.4

13.0

23.0

58.5

49.2

25.0

57.9

52.1

48.3

18.9

0.0

25.1

18.4

24.7

11.4

12.2

46.9

70.0

48.3

82.9

75.5

73.4

38.1

25.1

0.0

31.3

21.0

25.0

15.1

21.9

39.3

21.9

58.3

47.0

51.0

9.2

18.4

31.3

0.0

40.6

7.8

17.1

50.5

73.8

49.0

77.9

75.2

67.3

43.4

24.7

21.0

40.6

0.0

32.8

24.8

36.5

45.0

24.2

60.2

51.0

51.9

13.0

11.4

25.0

7.8

32.8

0.0

10.0

45.6

55.0

33.2

68.4

60.4

59.4

23.0

12.2

15.1

17.1

24.8

10.0

0.0

36.4

89.8

69.5

104.6

96.6

95.2

58.5

46.9

21.9

50.5

36.5

45.6

36.4

0.0
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Target measurement locations

13

122.8

153.7

88.0

117.3

78.0

108.2

105.5

129.0

72.3

104.4

103.0

132.3

81.5
107.9

65.0
95.6

49.0
62.1

31.4
57.4

40.4
51.2

56.6
84.1

33.1
67.4

0.0
41.6

41.6
0.0

11.0
35.5

29.7
18.0

25.3
21.9

44.4
2.8

57.2
33.5

58.2
30.7

31.3
20.4

73.0

131.9

50.0

38.2

156.2

33.1

68.1

95.6

179.1

48.3

80.2

119.9

179.1

67.3

12

86.3

143.4

152.6

133.9

110.7

143.2

195.5

99.0

108.2

133.7

117.0

161.0

89.1

131.2

133.6

160.0

190.8

116.2

82.5

158.0

107.2

126.1

202.4

83.4

107.0

157.1

150.2

155.5

114.1

110.6

128.7

132.1

116.2

168.1

92.3

134.8

128.8

175.0

145.7

76.0

86.5

158.5

102.2

142.7

158.1

57.5

110.4

158.3

145.0

171.1

41.5

73.7

135.4

132.1

110.5

185.3

47.8

98.2

134.8

175.1

140.3

67.4

42.4

109.1

141.2

152.1

44.1

64.2

120.7

152.2

170.7

11.0

35.5

92.8

94.2

120.6

119.1

183.1

35.5

60.0

91.3

137.2

148.0

0.0

31.4

83.3

68.2

103.1

161.5

20.5

53.3

82.9

109.9

132.6

25.0

62.4

81.7

57.0

80.7

145.1

38.1

86.6

80.2

100.1

106.7

46.6

45.8

57.3

67.5

122.9

47.9

70.2

110.5

98.9

96.0

21.4

25.3

89.5

84.2

110.2

70.0

110.1

62.1

44.4

89.8

127.3

95.7

27.2

57.2

63.1

94.1

112.1

57.1

2.8

21.9

58.2

105.7

123.1

69.2

25.0

33.5

31.3

71.3

136.5

11

38.1

30.7

73.0

101.0

150.0
22.8

46.6

20.4

38.2

113.1

114.3

20.0

47.9

50.0

68.1

104.6
0.0

21.4

33.1

80.2

Exit

129.0

24.6

29.2

62.1

48.3

24

99.7

0.0

24.6

50.4

3.6

29.1

27.2

67.3

23

129.4
50.4

49.0

46.0

57.1

22

106.2

32.8

32.8

26.4

17.7

69.2

21

91.6
49.0

29.5

67.5

42.2

20

64.8

29.5

0.0

22.1

40.0

58.3

19

54.1
26.4

5.1

48.8

64.3

18

53.9

22.1

5.1

26.5

34.2

81.1

17

81.4

67.5

0.0

17.1

47.5

16

60.7

48.8

26.5

26.9

21.9

66.8
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Appendix B.2

Table B.2 VBA solver stopping criteria and parameter values
Parameter

Value

Max time
Iterations
Precision
Convergence
Population size
Mutation rate
Max sub-problems
Max time no improvement

1 x 106
1 x 106
1 x 10-7
1 x 10-2
100
0.9
1 x 109
1 x 104

GMOT genetic algorithm for measurement route optimisation
input: Paddock co-ordinates, paddock entry point and exit point
output: measurement co-ordinates (C), measurement route (r),route
distance (D), sample route map
1 select: strata number (N)
2
calculate: strata boundaries SN = (Sxi,yi, Sxj,yj, ... SxN,yN)
3 select: measurement rate number (n)
4
randselect: C =(xi,yi, xj,yj, ... xn,yn)
5
for min(Sxij,yij) ≤ xij,yij ≥ max(Sxij,yij) \\within strata bounds
6 define: r = {1,2,3,...n) for all \\assign numerical order value to
each measurement point
7
calculate: D \\ distance matrix between all measurement points
8
sort: r
0 → x \\ sort co-ordinates by latitude (piecewise
algorithm)
9
for: r minimize D \\by changing measurement point route order
10
do until: r = convergence criteria
11
stop: once convergence criteria satisfied
12 print: route map
13 end

266

Appendix C: GMOT grass measurement error distributions

Appendix C: GMOT grass
measurement
distributions
Appendix C.1

(a) 1 measurement ha-1

(b) 2 measurement ha-1
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Appendix C: GMOT grass measurement error distributions

(c) 4 measurement ha-1

(d) 8 measurement ha-1

(e) 16 measurement ha-1
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(f) 24 measurement ha-1

(g) 32 measurement ha-1
Figure C.1 Frequency distribution of estimated compressed sward height measurement error for
specified measurement rates
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Appendix C.2

Figure C.2 frequency distribution of monthly herbage mass calibration error across 2017 – 2019
growing seasons
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Appendix D: The grass
measurement
optimisation tool (GMOT)

Figure C.1 GMOT interface with input and output cells highlighted

Prototype and user manual available at: https://messo.cit.ie/gmot
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Appendix E: GMOT code
Appendix E.1 Reset measurement co-ordinates
Sub Reset_Coord2()
'Prevent screen flashing'
Application.ScreenUpdating = False
'Unprotect’
Sheets("GMOT").Select
ActiveSheet.Unprotect "grassq2019"
'Unhide_sheets macro’
With Worksheets("All Points")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("Protocol details")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("Error simulator")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("Error Details")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("1")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("2")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("4")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("8")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("12")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("16")
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.Visible = xlSheetVisible
.Select
End With
With Worksheets("20")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("24")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("32")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("40")
.Visible = xlSheetVisible
.Select
End With
‘Reset co-ordinates’
Sheets("All Points").Select
Range("D5").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R2C4,R3C7)"
Range("D5").Select
Selection.AutoFill Destination:=Range("D5:E5"),
Type:=xlFillDefault
Range("D5:E5").Select
Range("E5").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R2C5,R3C8)"
Range("D5:E5").Select
Selection.AutoFill Destination:=Range("D5:E84")
Range("D5:E84").Select
Range("K5").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R2C11,R3C14)"
Range("K5").Select
Selection.AutoFill Destination:=Range("K5:L5"),
Type:=xlFillDefault
Range("K5:L5").Select
Range("L5").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R2C12,R3C15)"
Range("K5:L5").Select
Selection.AutoFill Destination:=Range("K5:L84")
Range("K5:L84").Select
Range("R5").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R2C18,R3C21)"
Range("R5").Select
Selection.AutoFill Destination:=Range("R5:S5"),
Type:=xlFillDefault
Range("R5:S5").Select
Range("S5").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R2C19,R3C22)"
Range("R5:S5").Select
Selection.AutoFill Destination:=Range("R5:S84")
Range("R5:S84").Select
Range("Y5").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R2C25,R3C28)"
Range("Y5").Select
Selection.AutoFill Destination:=Range("Y5:Z5"),
Type:=xlFillDefault
Range("Y5:Z5").Select
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Range("Z5").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R2C26,R3C29)"
Range("Y5:Z5").Select
Selection.AutoFill Destination:=Range("Y5:Z84")
Range("Y5:Z84").Select
Range("K15").Select
Range("D5:E84").Select
Selection.Copy
ActiveWindow.SmallScroll Down:=-57
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
Range("K5:L84").Select
Application.CutCopyMode = False
Selection.Copy
ActiveWindow.SmallScroll Down:=-72
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
Range("R5:S84").Select
Application.CutCopyMode = False
Selection.Copy
ActiveWindow.SmallScroll Down:=-75
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
Range("Y5:Z84").Select
Application.CutCopyMode = False
Selection.Copy
ActiveWindow.SmallScroll Down:=-69
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
Range("AA15").Select
Range("D88").Select
Application.CutCopyMode = False
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R[-86]C,R[-85]C[24])"
Range("E88").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R[-86]C,R[-85]C[24])"
Range("E89").Select
Range("D88:E88").Select
Selection.Copy
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
Range("H87").Select
Application.CutCopyMode = False
Range("H83").Select
''for 2 random samples'''
Range("D90").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R[-87]C,R[-88]C[10])"
Range("E90").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R[-88]C,R[-87]C[10])"
Range("D91").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R[-88]C[14],R[-89]C[24])"
Range("E91").Select
ActiveCell.FormulaR1C1 = "=RANDBETWEEN(R[-89]C[14],R[-88]C[24])"
Range("D90:E91").Select
Selection.Copy
Range("D90").Select

274

Appendix E: GMOT code
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
'Reset solver variable cells'
Sheets("4").Select
Range("D22").Select
Application.CutCopyMode = False
ActiveCell.FormulaR1C1 = "1"
Range("E22").Select
ActiveCell.FormulaR1C1 = "2"
Range("F22").Select
ActiveCell.FormulaR1C1 = "3"
Range("D22:F22").Select
Selection.AutoFill Destination:=Range("D22:G22"),
Type:=xlFillDefault
Range("D22:G22").Select
Sheets("8").Select
Range("D30").Select
Application.CutCopyMode = False
ActiveCell.FormulaR1C1 = "1"
Range("E30").Select
ActiveCell.FormulaR1C1 = "2"
Range("F30").Select
ActiveCell.FormulaR1C1 = "3"
Range("D30:F30").Select
Selection.AutoFill Destination:=Range("D30:K30"),
Type:=xlFillDefault
Range("D30:K30").Select
Sheets("12").Select
Range("R20").Select
Application.CutCopyMode = False
ActiveCell.FormulaR1C1 = "1"
Range("S20").Select
ActiveCell.FormulaR1C1 = "2"
Range("T20").Select
ActiveCell.FormulaR1C1 = "3"
Range("R20:T20").Select
Selection.AutoFill Destination:=Range("R20:AC20"),
Type:=xlFillDefault
Range("R20:AC20").Select
Sheets("16").Select
Range("R24").Select
Application.CutCopyMode = False
ActiveCell.FormulaR1C1 = "1"
Range("S24").Select
ActiveCell.FormulaR1C1 = "2"
Range("T24").Select
ActiveCell.FormulaR1C1 = "3"
Range("R24:T24").Select
Selection.AutoFill Destination:=Range("R24:AG24"),
Type:=xlFillDefault
Range("R24:AG24").Select
Sheets("20").Select
Range("R28").Select
Application.CutCopyMode = False
ActiveCell.FormulaR1C1 = "1"
Range("S28").Select
ActiveCell.FormulaR1C1 = "2"
Range("T28").Select
ActiveCell.FormulaR1C1 = "3"
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Range("R28:T28").Select
Selection.AutoFill Destination:=Range("R28:AK28"),
Type:=xlFillDefault
Range("R28:AK28").Select
Sheets("24").Select
Range("R32").Select
Application.CutCopyMode = False
ActiveCell.FormulaR1C1 = "1"
Range("S32").Select
ActiveCell.FormulaR1C1 = "2"
Range("T32").Select
ActiveCell.FormulaR1C1 = "3"
Range("R32:T32").Select
Selection.AutoFill Destination:=Range("R32:AO32"),
Type:=xlFillDefault
Range("R32:AO32").Select
Sheets("32").Select
Range("R40").Select
Application.CutCopyMode = False
ActiveCell.FormulaR1C1 = "1"
Range("S40").Select
ActiveCell.FormulaR1C1 = "2"
Range("T40").Select
ActiveCell.FormulaR1C1 = "3"
Range("R40:T40").Select
Selection.AutoFill Destination:=Range("R40:AW40"),
Type:=xlFillDefault
Range("R40:AW40").Select
Sheets("40").Select
Range("R48").Select
Application.CutCopyMode = False
ActiveCell.FormulaR1C1 = "1"
Range("S48").Select
ActiveCell.FormulaR1C1 = "2"
Range("T48").Select
ActiveCell.FormulaR1C1 = "3"
Range("R48:T48").Select
Selection.AutoFill Destination:=Range("R48:BE48"),
Type:=xlFillDefault
Range("R48:BE48").Select
'Delete_charts Macro’
Sheets("GMOT").Select
'Delete previous map route series'
ActiveSheet.ChartObjects("Chart 3").Activate
On Error Resume Next
ActiveChart.SeriesCollection(5).Delete
ActiveSheet.Protect "grassq2019"
'make sheets very hidden'
Sheets("GMOT").Select
With Worksheets("All Points")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("Protocol details")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("Error simulator")
.Visible = xlSheetVeryHidden
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.Select
End With
With Worksheets("Error Details")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("1")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("2")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("4")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("8")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("12")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("16")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("20")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("24")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("32")
.Visible = xlSheetVeryHidden
.Select
End With
With Worksheets("40")
.Visible = xlSheetVeryHidden
.Select
End With
End Sub
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Appendix E.2 Map measurement co-ordinates
Sub DST1_SelectMap()
'Prevent screen flashing'
Application.ScreenUpdating = False
'Unhide_sheets Macro’
With Worksheets("Protocol details")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("1")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("2")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("4")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("8")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("12")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("16")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("20")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("24")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("32")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("40")
.Visible = xlSheetVisible
.Select
End With
‘Select Map Macro’
Sheets("GMOT").Select
ActiveSheet.Unprotect "grassq2019"
ActiveSheet.ChartObjects("Chart 3").Activate
ActiveChart.PlotArea.Select
If Cells(7, 16) = 1 Then
'create new series'
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ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=1!B9:D9"
ActiveChart.SeriesCollection(5).Values = "=1!B10:D10"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 10
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
.Solid
End With
With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
End With
End If
If Cells(7, 16) = 2 Then
ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=2!C20:F20"
ActiveChart.SeriesCollection(5).Values = "=2!C21:F21"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 10
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
.Solid
End With
With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
End With
End If
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If Cells(7, 16) = 4 Then
ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=4!C24:H24"
ActiveChart.SeriesCollection(5).Values = "=4!C25:H25"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 10
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
.Solid
End With
With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
End With
End If
If Cells(7, 16) = 8 Then
ActiveChart.PlotArea.Select
ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=8!C32:L32"
ActiveChart.SeriesCollection(5).Values = "=8!C33:L33"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 10
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
.Solid
End With
With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
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End With
End If
If Cells(7, 16) = 12 Then
'create new series'
ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=12!Q22:AD22"
ActiveChart.SeriesCollection(5).Values = "=12!Q23:AD23"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 10
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
.Solid
End With
With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
End With
End If
If Cells(7, 16) = 16 Then
ActiveChart.PlotArea.Select
ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=16!Q26:AH26"
ActiveChart.SeriesCollection(5).Values = "=16!Q27:AH27"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 10
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
.Solid
End With
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With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
End With
End If
If Cells(7, 16) = 20 Then
ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=20!Q30:AL30"
ActiveChart.SeriesCollection(5).Values = "=20!Q31:AL31"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 10
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
.Solid
End With
With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
End With
End If
If Cells(7, 16) = 24 Then
ActiveChart.PlotArea.Select
ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=24!Q34:AP34"
ActiveChart.SeriesCollection(5).Values = "=24!Q35:AP35"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 10
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
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.Solid
End With
With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
End With
End If
If Cells(7, 16) = 32 Then
ActiveChart.PlotArea.Select
ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=32!Q42:AX42"
ActiveChart.SeriesCollection(5).Values = "=32!Q43:AX43"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 10
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
.Solid
End With
With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
End With
End If
If Cells(7, 16) = 40 Then
ActiveChart.PlotArea.Select
ActiveChart.SeriesCollection.NewSeries
ActiveChart.SeriesCollection(5).Name = "=""4"""
ActiveChart.SeriesCollection(5).XValues = "=40!Q50:BF50"
ActiveChart.SeriesCollection(5).Values = "=40!Q51:BF51"
ActiveChart.SeriesCollection(5).Select
With Selection
.MarkerStyle = 8
.MarkerSize = 13
.MarkerBackgroundColor = RGB(0, 0, 255)
.MarkerForegroundColor = RGB(0, 0, 255)
End With
With Selection.Format.Line
.Visible = msoFalse
.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
End With
With Selection.Format.Fill
.Visible = msoFalse
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.Visible = msoTrue
.ForeColor.RGB = RGB(0, 0, 255)
.Transparency = 0
.Solid
End With
With Selection.Format.Line
.Visible = msoTrue
.DashStyle = msoLineSysDash
.Weight = 1.5
End With
End If
'filter co-ordinates for map on protocol details output sheet'
Sheets("Protocol details").Select
ActiveSheet.Unprotect "grassq2019"
'Filter_map Macro’
Range("B28").Select
ActiveSheet.Range("$A$28:$C$46").AutoFilter Field:=2,
Criteria1:="<>"
'copy and paste data into details sheet'
Sheets("GMOT").Select
Range("P20:P24").Select
Selection.Copy
Sheets("Protocol details").Select
Range("B23:B27").Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
'hide and protect sheets code'
'make sheets very hidden'
Sheets("GMOT").Select
With Worksheets("All Points")
.Visible = xlSheetVeryHidden
End With
With Worksheets("Protocol details")
.Visible = xlSheetVeryHidden
End With
With Worksheets("1")
.Visible = xlSheetVeryHidden
End With
With Worksheets("2")
.Visible = xlSheetVeryHidden
End With
With Worksheets("4")
.Visible = xlSheetVeryHidden
End With
With Worksheets("8")
.Visible = xlSheetVeryHidden
End With
With Worksheets("12")
.Visible = xlSheetVeryHidden
End With
With Worksheets("16")
.Visible = xlSheetVeryHidden
End With
With Worksheets("20")
.Visible = xlSheetVeryHidden
End With
With Worksheets("24")
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.Visible = xlSheetVeryHidden
End With
With Worksheets("32")
.Visible = xlSheetVeryHidden
End With
With Worksheets("40")
.Visible = xlSheetVeryHidden
End With
Sheets("GMOT").Select
ActiveSheet.Protect "grassq2019"
End Sub

Appendix E.3 Order measurement route
Sub sort_coord()
'Sort_coord Macro’
'Prevent screen flashing'
Application.ScreenUpdating = False
Sheets("GMOT").Select
ActiveSheet.Unprotect "grassq2019"
'unhide_sheets Macro’
With Worksheets("Protocol details")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("1")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("2")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("4")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("8")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("12")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("16")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("20")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("24")
.Visible = xlSheetVisible
.Select
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End With
With Worksheets("32")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("40")
.Visible = xlSheetVisible
.Select
End With
Sheets("2").Select
Range("C13:D14").Select
ActiveWorkbook.Worksheets("2").Sort.SortFields.Clear
ActiveWorkbook.Worksheets("2").Sort.SortFields.Add
Key:=Range("C13:C14"), _
SortOn:=xlSortOnValues, Order:=xlAscending,
DataOption:=xlSortNormal
With ActiveWorkbook.Worksheets("2").Sort
.SetRange Range("C13:D14")
.Header = xlYes
.MatchCase = False
.Orientation = xlTopToBottom
.SortMethod = xlPinYin
.Apply
End With
Sheets("4").Select
Range("C15:D18").Select
ActiveWorkbook.Worksheets("4").Sort.SortFields.Clear
ActiveWorkbook.Worksheets("4").Sort.SortFields.Add
Key:=Range("C15:C18"), _
SortOn:=xlSortOnValues, Order:=xlAscending,
DataOption:=xlSortNormal
With ActiveWorkbook.Worksheets("4").Sort
.SetRange Range("C15:D18")
.Header = xlYes
.MatchCase = False
.Orientation = xlTopToBottom
.SortMethod = xlPinYin
.Apply
End With
Sheets("8").Select
Range("C18:D26").Select
ActiveWorkbook.Worksheets("8").Sort.SortFields.Clear
ActiveWorkbook.Worksheets("8").Sort.SortFields.Add
Key:=Range("C18:C26"), _
SortOn:=xlSortOnValues, Order:=xlAscending,
DataOption:=xlSortNormal
With ActiveWorkbook.Worksheets("8").Sort
.SetRange Range("C18:D26")
.Header = xlYes
.MatchCase = False
.Orientation = xlTopToBottom
.SortMethod = xlPinYin
.Apply
End With
Sheets("12").Select
Range("C3:D15").Select
ActiveWorkbook.Worksheets("12").Sort.SortFields.Clear
ActiveWorkbook.Worksheets("12").Sort.SortFields.Add
Key:=Range("C3:C15"), _
SortOn:=xlSortOnValues, Order:=xlAscending,
DataOption:=xlSortNormal
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With ActiveWorkbook.Worksheets("12").Sort
.SetRange Range("C3:D15")
.Header = xlYes
.MatchCase = False
.Orientation = xlTopToBottom
.SortMethod = xlPinYin
.Apply
End With
Sheets("16").Select
Range("C3:D19").Select
ActiveWorkbook.Worksheets("16").Sort.SortFields.Clear
ActiveWorkbook.Worksheets("16").Sort.SortFields.Add
Key:=Range("C3:C19"), _
SortOn:=xlSortOnValues, Order:=xlAscending,
DataOption:=xlSortNormal
With ActiveWorkbook.Worksheets("16").Sort
.SetRange Range("C3:D19")
.Header = xlYes
.MatchCase = False
.Orientation = xlTopToBottom
.SortMethod = xlPinYin
.Apply
End With
Sheets("20").Select
Range("C3:D23").Select
ActiveWorkbook.Worksheets("20").Sort.SortFields.Clear
ActiveWorkbook.Worksheets("20").Sort.SortFields.Add
Key:=Range("C3:C23"), _
SortOn:=xlSortOnValues, Order:=xlAscending,
DataOption:=xlSortNormal
With ActiveWorkbook.Worksheets("20").Sort
.SetRange Range("C3:D23")
.Header = xlYes
.MatchCase = False
.Orientation = xlTopToBottom
.SortMethod = xlPinYin
.Apply
End With
Sheets("24").Select
Range("C3:D27").Select
ActiveWorkbook.Worksheets("24").Sort.SortFields.Clear
ActiveWorkbook.Worksheets("24").Sort.SortFields.Add
Key:=Range("C3:C27"), _
SortOn:=xlSortOnValues, Order:=xlAscending,
DataOption:=xlSortNormal
With ActiveWorkbook.Worksheets("24").Sort
.SetRange Range("C3:D27")
.Header = xlYes
.MatchCase = False
.Orientation = xlTopToBottom
.SortMethod = xlPinYin
.Apply
Sheets("GMOT").Select
End With
Sheets("32").Select
Range("C3:D35").Select
ActiveWorkbook.Worksheets("32").Sort.SortFields.Clear
ActiveWorkbook.Worksheets("32").Sort.SortFields.Add
Key:=Range("C3:C35"), _
SortOn:=xlSortOnValues, Order:=xlAscending,
DataOption:=xlSortNormal
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With ActiveWorkbook.Worksheets("32").Sort
.SetRange Range("C3:D35")
.Header = xlYes
.MatchCase = False
.Orientation = xlTopToBottom
.SortMethod = xlPinYin
.Apply
End With
Sheets("40").Select
Range("C3:D43").Select
ActiveWorkbook.Worksheets("40").Sort.SortFields.Clear
ActiveWorkbook.Worksheets("40").Sort.SortFields.Add
Key:=Range("C3:C43"), _
SortOn:=xlSortOnValues, Order:=xlAscending,
DataOption:=xlSortNormal
With ActiveWorkbook.Worksheets("40").Sort
.SetRange Range("C3:D43")
.Header = xlYes
.MatchCase = False
.Orientation = xlTopToBottom
.SortMethod = xlPinYin
.Apply
End With
'Copy and paste stuff into details sheet'
Sheets("GMOT").Select
Range("p20:p24").Select
Selection.Copy
Sheets("Protocol details").Select
Range("C23:C27").Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
'Make sheets very hidden'
With Worksheets("Protocol details")
.Visible = xlSheetVeryHidden
End With
With Worksheets("1")
.Visible = xlSheetVeryHidden
End With
With Worksheets("2")
.Visible = xlSheetVeryHidden
End With
With Worksheets("4")
.Visible = xlSheetVeryHidden
End With
With Worksheets("8")
.Visible = xlSheetVeryHidden
End With
With Worksheets("12")
.Visible = xlSheetVeryHidden
End With
With Worksheets("16")
.Visible = xlSheetVeryHidden
End With
With Worksheets("20")
.Visible = xlSheetVeryHidden
End With
With Worksheets("24")
.Visible = xlSheetVeryHidden
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End With
With Worksheets("32")
.Visible = xlSheetVeryHidden
End With
With Worksheets("40")
.Visible = xlSheetVeryHidden
End With
Sheets("GMOT").Select
ActiveSheet.Protect "grassq2019"
End Sub

Appendix E.4 Optimise measurement route
Sub DST1_Optsolver()
ActiveSheet.Unprotect "grassq2019"
'Solver warning message’
MsgBox "Caution: optimisation process can take up to several hours to
complete, press Esc to cancel"
'Prevent screen flashing'
Application.ScreenUpdating = False
With Worksheets("Map Template")
.Visible = xlSheetVisible
.Select
End With
'create variable for max solver run time'
Dim maxt As Long
Sheets("Map Template").Select
If Cells(48, 10) = 1 Then
maxt = Cells(48, 10) * 60
End If
If Cells(48, 10) = 5 Then
maxt = Cells(48, 10) * 60
End If
If Cells(48, 10) = 10 Then
maxt = Cells(48, 10) * 60
End If
If Cells(48, 10) = 30 Then
maxt = Cells(48, 10) * 60
End If
If Cells(48, 10) = 60 Then
maxt = Cells(48, 10) * 60
End If
If Cells(48, 10) = 180 Then
maxt = Cells(48, 10) * 60
End If
If Cells(48, 10) = 360 Then
maxt = Cells(48, 10) * 60
End If
If Cells(12, 15) = 1000000 Then
maxt = 1000000
End If
'CalculateRunTime_Seconds()’
Dim StartTime As Double
Dim SecondsElapsed As Double
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'Record time when macro starts’
StartTime = Timer
'unhide_sheets Macro’
With Worksheets("Protocol details")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("1")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("2")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("4")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("8")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("12")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("16")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("20")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("24")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("32")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("40")
.Visible = xlSheetVisible
.Select
End With
Sheets("Protocol details").Select
ActiveSheet.Unprotect "grassq2019"
Sheets("GMOT").Select
ActiveSheet.Unprotect "grassq2019"
Application.DisplayStatusBar = True
Application.StatusBar = "Some VBA code is running. Please be
patient..."
‘Solver code’
If Cells(7, 16) = 4 Then
Sheets("4").Select
Solverreset
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Range("E27").Select
Solverok setcell:="$E$27", maxminval:=2, Valueof:=0,
bychange:="$D$22:$G$22", _
engine:=3, enginedesc:="Evolutionary"
SolverOptions MaxTime:=maxt, iterations:=1000000,
Precision:=0.00000001, convergence:=0.0001, PopulationSize:=100,
MutationRate:=0.9, Maxsubproblems:=1000000000,
maxintegersols:=1000000, MaxTimeNoImp:=10000
solveradd cellref:="4!$D$22:$G$22", Relation:=6,
Formulatext:="AllDiferent"
solversolve userfinish:=True, ShowRef:=1
End If
If Cells(7, 16) = 8 Then
Sheets("8").Select
Solverreset
Range("E35").Select
Solverok setcell:="$E$35", maxminval:=2, Valueof:=0,
bychange:="$D$30:$K$30", _
engine:=3, enginedesc:="Evolutionary"
SolverOptions MaxTime:=maxt, iterations:=1000000,
Precision:=0.00000001, convergence:=0.0001, PopulationSize:=100,
MutationRate:=0.9, Maxsubproblems:=1000000000,
maxintegersols:=1000000, MaxTimeNoImp:=10000
solveradd cellref:="8!$D$30:$K$30", Relation:=6,
Formulatext:="AllDiferent"
solversolve userfinish:=True, ShowRef:=1
End If
If Cells(7, 16) = 12 Then
Sheets("12").Select
Solverreset
Range("S25").Select
Solverok setcell:="$S$25", maxminval:=2, Valueof:=0,
bychange:="$R$20:$AC$20", _
engine:=3, enginedesc:="Evolutionary"
SolverOptions MaxTime:=maxt, iterations:=1000000,
Precision:=0.00000001, convergence:=0.0001, PopulationSize:=100,
MutationRate:=0.9, Maxsubproblems:=1000000000,
maxintegersols:=1000000, MaxTimeNoImp:=10000
solveradd cellref:="12!$R$20:$AC$20", Relation:=6,
Formulatext:="AllDiferent"
solversolve userfinish:=True, ShowRef:=1
End If
If Cells(7, 16) = 16 Then
Sheets("16").Select
Solverreset
Range("S29").Select
Solverok setcell:="$S$29", maxminval:=2, Valueof:=0,
bychange:="$R$24:$AG$24", _
engine:=3, enginedesc:="Evolutionary"
SolverOptions MaxTime:=maxt, iterations:=1000000,
Precision:=0.00000001, convergence:=0.0001, PopulationSize:=100,
MutationRate:=0.9, Maxsubproblems:=1000000000,
maxintegersols:=1000000, MaxTimeNoImp:=10000
solveradd cellref:="16!$R$24:$AG$24", Relation:=6,
Formulatext:="AllDiferent"
solversolve userfinish:=True, ShowRef:=1
End If
If Cells(7, 16) = 20 Then
Sheets("20").Select
Solverreset
Range("S33").Select
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Solverok setcell:="$S$33", maxminval:=2, Valueof:=0,
bychange:="$Q$28:$AL$28", _
engine:=3, enginedesc:="Evolutionary"
SolverOptions MaxTime:=maxt, iterations:=1000000,
Precision:=0.00000001, convergence:=0.0001, PopulationSize:=100,
MutationRate:=0.9, Maxsubproblems:=1000000000,
maxintegersols:=1000000, MaxTimeNoImp:=10000
solveradd cellref:="20!$Q$28:$AL$28", Relation:=6,
Formulatext:="AllDiferent"
solversolve userfinish:=True, ShowRef:=1
End If
If Cells(7, 16) = 24 Then
Sheets("24").Select
Solverreset
Range("S37").Select
Solverok setcell:="$S$37", maxminval:=2, Valueof:=0,
bychange:="$R$32:$AO$32", _
engine:=3, enginedesc:="Evolutionary"
SolverOptions MaxTime:=maxt, iterations:=1000000,
Precision:=0.00000001, convergence:=0.0001, PopulationSize:=100,
MutationRate:=0.9, Maxsubproblems:=1000000000,
maxintegersols:=1000000, MaxTimeNoImp:=10000
solveradd cellref:="24!$R$32:$AO$32", Relation:=6,
Formulatext:="AllDiferent"
solversolve userfinish:=True, ShowRef:=1
End If
If Cells(7, 16) = 32 Then
Sheets("32").Select
Solverreset
Range("T45").Select
Solverok setcell:="$T$45", maxminval:=2, Valueof:=0,
bychange:="$R$40:$AW$40", _
engine:=3, enginedesc:="Evolutionary"
SolverOptions MaxTime:=maxt, iterations:=1000000,
Precision:=0.00000001, convergence:=0.0001, PopulationSize:=100,
Randomseed:=50, MutationRate:=0.4, Maxsubproblems:=1000000000,
maxintegersols:=1000000, MaxTimeNoImp:=10000
solveradd cellref:="32!$R$40:$AW$40", Relation:=6,
Formulatext:="AllDiferent"
solversolve userfinish:=True, ShowRef:=1
End If
If Cells(11, 16) = 40 Then
Sheets("40").Select
Solverreset
Range("T53").Select
Solverok setcell:="$T$53", maxminval:=2, Valueof:=0,
bychange:="$R$48:$BE$48", _
engine:=3, enginedesc:="Evolutionary"
SolverOptions MaxTime:=maxt, iterations:=1000000,
Precision:=0.00000001, convergence:=0.0001, PopulationSize:=100,
Randomseed:=50, MutationRate:=0.4, Maxsubproblems:=1000000000,
maxintegersols:=1000000, MaxTimeNoImp:=10000
solveradd cellref:="40! $R$48:$BE$48", Relation:=6,
Formulatext:="AllDiferent"
solversolve userfinish:=True, ShowRef:=1
End If
'copy and paste stuff into details sheet'
Sheets("GMOT").Select
Range("P20:P24").Select
Selection.Copy
Sheets("Protocol details").Select
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Range("D23:D27").Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
'make sheets very hidden'
With Worksheets("Protocol details")
.Visible = xlSheetVeryHidden
End With
With Worksheets("1")
.Visible = xlSheetVeryHidden
End With
With Worksheets("2")
.Visible = xlSheetVeryHidden
End With
With Worksheets("4")
.Visible = xlSheetVeryHidden
End With
With Worksheets("8")
.Visible = xlSheetVeryHidden
End With
With Worksheets("12")
.Visible = xlSheetVeryHidden
End With
With Worksheets("16")
.Visible = xlSheetVeryHidden
End With
With Worksheets("20")
.Visible = xlSheetVeryHidden
End With
With Worksheets("24")
.Visible = xlSheetVeryHidden
End With
With Worksheets("32")
.Visible = xlSheetVeryHidden
End With
With Worksheets("40")
.Visible = xlSheetVeryHidden
End With
With Worksheets("Map Template")
.Visible = xlSheetVeryHidden
End With
'Determine how many seconds code took to run’
SecondsElapsed = Round(Timer - StartTime, 2)
'Notify user in seconds’
MsgBox "This code ran successfully in " & SecondsElapsed & "
seconds", vbInformation
Sheets("GMOT").Select
ActiveSheet.Protect "grassq2019"
End Sub
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Appendix E.5 Save protocol details
Sub save_Analysis()
'save_protocol Macro’
ActiveSheet.Unprotect "grassq2019"
With Worksheets("Protocol details")
.Visible = xlSheetVisible
.Select
End With
'unlock analysis sheet'
Sheets("Protocol details").Select
ActiveSheet.Unprotect "grassq2019"
'copy Everything'
Sheets("Protocol details").Select
Range("A1:V48").Select
Selection.Copy
'create new sheet'
'option of naming new sheet ()’
Dim newName As String
On Error Resume Next
newName = InputBox("Enter the name for the copied worksheet")
If newName <> "" Then
Sheets.Add After:=Worksheets(Sheets.Count)
On Error Resume Next
ActiveSheet.Name = newName
'paste everything'
Range("A1:V26").Select
ActiveSheet.Paste
'Break links'
Range("B23:D27").Select
Selection.Copy
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
Range("A30:C48").Select
Selection.Copy
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
End If
'break chart links'
Dim I As Long
Dim xChartCount As Long
Dim xLinkArr As Variant
Dim xSerColl As Variant
xLinkArr = ActiveWorkbook.LinkSources(xlLinkTypeExcelLinks)
If Not IsEmpty(xLinkArr) Then
For I = LBound(xLinkArr) To UBound(xLinkArr)
ActiveWorkbook.BreakLink xLinkArr(I), xlLinkTypeExcelLinks
Next I
End If
xChartCount = ActiveSheet.ChartObjects.Count
If xChartCount <> 0 Then
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For I = 1 To xChartCount
ActiveSheet.ChartObjects(I).Activate
For Each xSerColl In ActiveChart.SeriesCollection
xSerColl.Values = xSerColl.Values
xSerColl.XValues = xSerColl.XValues
xSerColl.Name = xSerColl.Name
Next
End If
'Zoom on new sheet'
ActiveSheet.Range("A1:v30").Select 'set range zoom’
ActiveWindow.Zoom = True
With Worksheets("Protocol details")
.Visible = xlSheetVeryHidden
End With
Sheets("GMOT").Select
ActiveSheet.Protect "grassq2019"
End Sub

Appendix E.6 Re-calculate error details
Sub Recalc_Error_Anal()
'Prevent screen flashing'
Application.ScreenUpdating = False
'recalc measurment error'
With Worksheets("Error simulator")
.Visible = xlSheetVisible
.Select
End With
With Worksheets("Error Details")
.Visible = xlSheetVisible
.Select
End With
'clear all sim error cells'
Sheets("Error simulator").Select
Range("E2:E33").Select
Selection.ClearContents
'copy and pastes simulated rep err values and assigns them to each
measurement location'
Sheets("GMOT").Select
If Cells(7, 16) = 24 Then
Sheets("Error Details").Select
Range("K2:K25").Copy
Sheets("Error simulator").Select
Range("E2:E25").Select
Selection.PasteSpecial Paste:=xlPasteValues, Operation:=xlNone,
SkipBlanks _
:=False, Transpose:=False
End If
'need to complete if statement for all sample rates'
If Cells(7, 16) = 16 Then
Sheets("Error Details").Select
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Range("K2:K17").Copy
Sheets("Error simulator").Select
Range("E2:E17").Select
Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
If Cells(7, 16) = 8 Then
Sheets("Error Details").Select
Range("C20:C27").Copy
Sheets("Error simulator").Select
Range("E2:E9").Select
Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
If Cells(7, 16) = 4 Then
Sheets("Error Details").Select
Range("C30:C33").Copy
Sheets("Error simulator").Select
Range("E2:E5").Select
Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
If Cells(7, 16) = 2 Then
Sheets("Error Details").Select
Range("C36:C37").Copy
Sheets("Error simulator").Select
Range("E2:E3").Select
Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
If Cells(7, 16) = 1 Then
Sheets("Error Details").Select
Range("C13:C13").Copy
Sheets("Error simulator").Select
Range("E2:E2").Select
Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
If Cells(7, 16) = 32 Then
Sheets("Error Details").Select
Range("K2:K33").Copy
Sheets("Error simulator").Select
Range("E2:E33").Select
Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
'recalc calibration error'
Sheets("GMOT").Select
If Cells(10, 16) = "Annual" Then
Sheets("Error Details").Select
Range("C2").Copy
Sheets("Error simulator").Select
Range("I13").Select
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Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
If Cells(10, 16) = "Monthly" Then
Sheets("Error Details").Select
Range("C2").Copy
Sheets("Error simulator").Select
Range("I13").Select
Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
If Cells(10, 16) = "Optimum" Then
Sheets("Error Details").Select
Range("B42").Copy
Sheets("Error simulator").Select
Range("I13").Select
Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
If Cells(10, 16) = "Standard" Then
Sheets("Error Details").Select
Range("B48").Copy
Sheets("Error simulator").Select
Range("I13").Select
Selection.PasteSpecial Paste:=xlPasteValues,
SkipBlanks _
:=False, Transpose:=False
End If
With Worksheets("Error simulator")
.Visible = xlSheetVeryHidden
End With
With Worksheets("Error Details")
.Visible = xlSheetVeryHidden
End With
Sheets("GMOT").Select
End Sub
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Appendix F.1 Abstract
The research in this appendix is a direct continuation from that carried out in chapter 4
and was conducted as part of the journal publication that resulted from that chapter. No
study has been found in the literature that has investigated the use of machine learning to
predict HM using RPM data. The aim of this analysis was to improve the accuracy of HM
prediction using the RF algorithm. RF models were developed using the dataset presented
in chapter 4. Two RF models were selected for comparative analysis with the models
presented in chapter 4, one including meteorological variables and the other excluding
meteorological variables. RF models achieved a higher range of precision (11 – 17%
RPE) than that of the MLR models (6 – 12% REP) when compared to state of the art HM
models. The addition of meteorological variables resulted in a larger increase (1.5%) in
HM prediction accuracy compared with MLR analysis (0.9% RPE). The greater
computational expense requirements for RF models compared with MLR make them
more difficult to implement at farm level.

Appendix F.1 Introduction
As discussed in section 2.6.3, recent research has focused on the use of machine learning
techniques to explain more variation in predicted variables for agricultural applications.
Studies have developed machine learning models to predict crop yield and quality
characteristics by utilising a wide range of environmental, biophysical and management
variables (Jeong et al., 2016; Saruta et al., 2013). Jeong et al., (2016) indicated that the
random forest (RF) algorithm could achieve 30% lower average prediction errors,
compared with MLR, when predicting crop yields. Likewise, Shine et al., (2018a)
reported that RF improved the prediction accuracy of water consumption on dairy farms
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by 23% when compared with MLR. Studies have reported similar results using the RF
method to predict herbage mass from remote sensing data (Mutanga et al., 2012; Togeiro
de Alckmin et al., 2020). Nikoloski et al., (2019) used RF to model HM production on
Irish dairy swards using soil, environmental and management variables. To the authors’
knowledge, no study has investigated the use of machine learning to predict HM using
RPM data. The aim of the analysis performed in this appendix was to further improve the
accuracy of HM prediction using machine learning through the random forest (RF)
algorithm.

Appendix F.2 Materials and methods
The entire dataset outlined in section 4.2, including all 17 grassland, management and
climate variables, was used for RF analysis. All data collection and pre-processing was
performed as outlined in sections 4.2.2 and 4.2.3. The RF algorithm was selected as the
machine learning technique for HM model development as it has been used in similar
studies relating to grassland production (Nikoloski et al., 2019; Togeiro de Alckmin et
al., 2020). The RF method is robust at handling large data dimensionality and greater
numbers of input variables. Moreover, RF has a low sensitivity to noise and over fitting
(Rodriguez-Galiano et al., 2012). Stratified nested cross-validation was employed to
estimate the prediction power of the RF models and to further enable grid-search hyperparameter tuning, as described by Statnikov et al., (2005). This method consisted of two
loops, a 10-fold cross validation outer loop and a 9-fold cross-validation inner loop, as
outlined in Shine et al., (2018a). Stratified nested cross-validation enabled unbiased
calculations of model accuracy and computationally efficient hyper-parameter tuning.
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The RF process consisted of the development of base learner decision tree models, which
were created using resampled data selections. Base learner development involved three
stages. The first step was the bagging process where n observations were randomly
selected to create new datasets that on average omitted 37% of the original dataset. Step
two was sub space sampling, which involved randomly selecting a specified number of
variables from the bagged data subsets. Step three comprised of developing decision tree
models from the data resulting in a specified number base learner models whereby each
utilised different variables and subsequently had distinct prediction values. The overall
prediction value of each model was then calculated as the average across all base learners.
The development of each RF model involved the tuning of hyper-parameters, whereby an
exhaustive grid-search approach was carried out for five decision tree sizes determined
by a minimum leaf size parameter [2, 3, 4, 5, 6], nine base learner inputs [40, 50, 60, 70,
80, 90, 100, 110], and five randomly selected variables [2, 3, 4, 5, 6]. The entire RF
process resulted in 200 hyper-parameter combinations being assessed. Stratified nested
cross-validation was used to evaluate the RF models. The variable subsets that resulted
in the lowest RMSE were then selected for comparative analysis with the regression
models outlined in chapter 4. Two RF models were selected for comparative analysis.
These included: 1) the best performing RF model (lowest RPE) excluding meteorological
variables and 2) the best RF model including meteorological variables. More detail on the
RF modelling process and the hyper-parameters used in this study can be found in Shine
et al., (2018a).

Appendix F.3 Results and discussion
Performance results for the HM RF models created as part of this study are presented in
Table F.1, along with the variables used within each model. The coefficients of
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determination for both RF models (R2 > 0.85) were greater than that of the best
performing MLR models (Table 4-2). Likewise, RMSE was lower for both RF models
compared with the best performing MLR models, which is in agreement with Jeong et
al., (2016), Shine et al., (2018a) and Mutanga et al., (2012). Model I had a lower RMSE
(262 kg DM ha-1) than all of the previously presented regression models (19.1% lower
than model H) and model J had the lowest RMSE (243 kg DM ha-1) of all models
developed within this study. The inclusion of meteorological variables in model J resulted
in a 7.2% reduction in RMSE compared with model I. However, the RMSE values for
both RF models remained higher than the values presented by O’ Donovan et al., (2002)
and Klootwijk et al., (2019b). MPE was also lower for the RF models compared with the
regression models, although the RF models also tended to over-estimate HM. In terms of
RPE, model I achieved poor prediction performance (> 20%) and model J achieved
acceptable prediction performance (< 20%) (Shine et al., 2018; Fuentes-Pila et al., 1996).
There was 1.5% decrease in RPE between models I and model J and both of these values
were lower than those presented by Sanderson et al., (2001) (26%) and Klootwijk et al.,
(2019b) (25%). All of the variables that were included in the best performing MLR
models without (model D) and with (model H) meteorological variables were further
included in models I and J, respectively. Additionally, model I included variables for
week number, month number and DM. Interestingly BSS did not remove any nonmeteorological variables for model I, which included all six non-meteorological variables
in the original dataset (CSH, Fert, Rot, DM, Week, Month). Additional meteorological
variables included in model J included mean wind speed, potential evapotranspiration and
global radiation.
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Table F.1 Herbage mass Random forest model accuracies
ID

Variables

r

R2

RMSE

MAPE

MPE (%)

MSPE

RPE (%)

-7.6

68,645

20.1

-6.9

59,193

18.6

Random forest model without met variables
I

CSH, Fert, Rot, DM,
Week, Month,

0.936

0.875

262

0.191

Random forest model with met variables

J

CSH, Fert, Rot, Week,
Month, Evap, Rain,
Temp,Wdsp, Pe, Glorad

0.945

0.892

243

0.180

CSH = compressed sward height (mm), Rot = grazing rotation, Fert = annual nitrogen fertiliztion (kg ha-1), Week = week
number from the 1st of January, Month = month number, Rain= average daily precipitation (mm), Temp = average daily
soil temperature (°C), Evap = average daily evaporation (mm), Pe = potential evapotranspiration (mm), Glorad = global
radiation (J 100 mm-2), Wdsp = mean wind speed (ms-1)

A comparison of the HM prediction accuracies of the RF models developed in this
appendix with the models developed in chapter 4 are presented in Figure F.1. A relatively
large sequential improvement in RPE of 3.9% was observed between the model H and
model I (20.1% RPE) (RF model excluding meteorological). There was a greater
reduction in RPE (1.5%) between model I and J (18.6% RPE), compared with the RPE
reduction (0.9%) between the optimum MLR models without (model D) and with (model
H) meteorological variables.
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Figure F.1 Prediction accuracy of the random forest herbage mass prediction models developed in
Appendix F part in comparison with the models presented in chapter 4. Explanations of model ID’s
are presented Tables 4-2 and F.1.

In total, the optimum MLR subset of variables without meteorological variables (model
D), achieved a 10.8% and 6.3% decrease in RPE compared with the standard and the preexisting Irish models, respectively. Whereas model H, including meteorological
variables, achieved a 11.7% and 7.2% decrease in RPE relative to both of the conventional
models. The RF model excluding meteorological variables (model I) had 15.6% and
11.1% lower RPE compared with the standard and pre-existing Irish models, respectively.
Whereas the RF model including meteorological variables (model J) achieved 17.1% and
12.6% lower RPE compared with the standard and pre-existing Irish model, respectively.
Although greater prediction performance was achieved with the inclusion of
meteorological variables for the best performing MLR models (models D and H), this
increase was small (0.9% RPE) and currently does not warrant investment in on-farm
weather sensors. Conversely, the greater increase (1.5% RPE) in accuracy achieved
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(between models I and J) when using meteorological data in conjunction with RF may
justify the use of on-farm weather sensors in the future, providing the cost of said sensors
is not excessive. Despite the considerable increases in accuracy achieved by the RF
models their increased complexity will make them more difficult to implement for current
on-farm use. Furthermore, model I (RF without meteorological variables) included a
variable for DM and at present there are no established methods for determining on-farm
pasture DM in real-time. Consequently, the RF models presented in this study may only
be feasible for use in research. Prediction models for on-farm use must be robust to
estimate HM accurately and efficiently and require minimal labour and resource input
from the farmer. For this reason, the monthly MLR model including predictor variables
for CSH, fertilisation and grazing rotation was considered optimal for current on-farm
use.
The RF models achieved greater increases in HM prediction accuracy (11 – 17% RPE)
than the MLR models developed in chapter 4 (6 - 12% RPE), when compared with current
state of the art RPM HM prediction models used on pasture-based systems. This study
further indicates that a greater improvement in HM prediction accuracy is achievable
utilising meteorological data by means of RF modelling. Greater improvements in
prediction performance may be achieved using other machine learning techniques, such
as artificial neural networks or support vector machine, and this warrants further
investigation. The greater computational expense required for RF models means that they
would be difficult to implement at farm level. Remote access to high spec computational
facilities would be required to run RF models in the field in real-time, as measurements
are being recorded. To this end, the optimum HM MLR model (model D) presented in
chapter 4 would be more feasible for current use on Irish pasture-based farms.
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Appendix F.4 Conclusion
•

The RF Models presented in this Appendix indicate a marked improvement (11 –
17%) compared with conventional models on pasture based systems, which was
greater than the improvement achieved for the MLR models presented in chapter
4 ( 6 – 12%)

•

The further addition of meteorological factors resulted in a larger increase (1.5%)
in RF model accuracy than that of the MLR models (0.9%) presented in chapter 4

•
•

RF requires greater computational expense than MLR and would be more difficult
to implement at farm level
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